Virginia Commonwealth University

VCU Scholars Compass
Theses and Dissertations

Graduate School

2017

Health Aid in Africa: Placement, Service Utilization, and Benefit
Carrie Dolan

Follow this and additional works at: https://scholarscompass.vcu.edu/etd
Part of the Epidemiology Commons, Health Economics Commons, Health Services Research
Commons, International Public Health Commons, International Relations Commons, and the Maternal
and Child Health Commons
© The Author

Downloaded from
https://scholarscompass.vcu.edu/etd/4932

This Dissertation is brought to you for free and open access by the Graduate School at VCU Scholars Compass. It
has been accepted for inclusion in Theses and Dissertations by an authorized administrator of VCU Scholars
Compass. For more information, please contact libcompass@vcu.edu.

© copyright by
Carrie Brewer Dolan
2017

Health Aid in Africa: Placement, Service Utilization, and Benefit

A dissertation submitted in partial fulfillment of the requirements for the degree
Doctor of Philosophy in Healthcare Policy and Research at Virginia Commonwealth University

by
Carrie Brewer Dolan
B.S. Health Education and Promotion, East Carolina University, 2000
MPH Epidemiology, Tulane University, 2005

Advisor: Andrew J. Barnes, Ph.D.
Associate Professor, Health Behavior and Policy

Virginia Commonwealth University
Richmond, Virginia
June 2017

ii

ACKNOWLEDGEMENTS

A simple word, thanks
A journey long and winding
Road has just begun

iii

TABLE OF CONTENTS
ACKNOWLEDGEMENTS ................................................................................................................................. ii
TABLE OF CONTENTS.................................................................................................................................... iii
LIST OF TABLES AND FIGURES ....................................................................................................................... v
CHAPTER 1. INTRODUCTION ......................................................................................................................... 1
CHAPTER 2. PULLING THE PURSE STRINGS. IS THERE POLITICAL PREFERENCING IN CHINESE AID TO
AFRICA? ....................................................................................................................................................... 14
ABSTRACT ................................................................................................................................................ 14
INTRODUCTION ....................................................................................................................................... 15
CONCEPTUAL FRAMEWORK.................................................................................................................... 19
DATA ....................................................................................................................................................... 24
EMPIRICAL APPROACH ............................................................................................................................ 28
RESULTS .................................................................................................................................................. 35
SENSITIVITY ANALYSIS ............................................................................................................................. 51
DISCUSSION............................................................................................................................................. 59
CHAPTER 3. ASSOCIATIONS BETWEEN HEALTH AID, MALARIA SERVICE READINESS, AND UTILIZATION OF
MALARIA HEALTH SERVICES: A STUDY AMONG CHILDREN UNDER 5 IN MALAWI ..................................... 63
ABSTRACT ................................................................................................................................................ 63
INTRODUCTION ....................................................................................................................................... 64
CONCEPTUAL FRAMEWORK.................................................................................................................... 67
DATA ....................................................................................................................................................... 73
EMPIRICAL APPROACH ............................................................................................................................ 86
RESULTS .................................................................................................................................................. 92
SENSITIVITY ANALYSIS ........................................................................................................................... 110
DISCUSSION........................................................................................................................................... 113
CHAPTER 4. ALL‐CAUSE CHILD MORTALITY REDUCTIONS ASSOCIATED WITH MALARIA BED NET
CAMPAIGNS IN THE DEMOCRATIC REPUBLIC OF THE CONGO ................................................................. 119
ABSTRACT .............................................................................................................................................. 119
INTRODUCTION ..................................................................................................................................... 120
CONCEPTUAL FRAMEWORK.................................................................................................................. 123
DATA ..................................................................................................................................................... 127
EMPIRICAL APPROACH .......................................................................................................................... 135

iv
RESULTS ................................................................................................................................................ 138
SENSITIVITY ANALYSIS ........................................................................................................................... 145
DISCUSSION........................................................................................................................................... 146
CHAPTER 5. CONCLUSION ......................................................................................................................... 150
REFERENCES .............................................................................................................................................. 158
SUPPLEMENTARY APPENDIX A, CHAPTER 2.............................................................................................. 182
SUPPLEMENTARY APPENDIX B, CHAPTER 3 .............................................................................................. 212
SUPPLEMENTARY APPENDIX C, CHAPTER 4 .............................................................................................. 254
VITA ........................................................................................................................................................... 266

v

LIST OF TABLES AND FIGURES
CHAPTER 1. INTRODUCTION ......................................................................................................................... 1
Figure 1: Conceptual model of aid allocation and aid outcomes ............................................................... 11
CHAPTER 2. PULLING THE PURSE STRINGS. IS THERE POLITICAL PREFERENCING IN CHINESE AID TO
AFRICA? ....................................................................................................................................................... 14
Figure 1: Conceptual Framework of Chinese Aid Allocation by Sector Adapted from the Theory of Change
.................................................................................................................................................................... 20
Table 1: Analysis Variables ......................................................................................................................... 29
Table 2: Summary Statistics Chinese Aid to the Health Sector .................................................................. 34
Map 1: Chinese Aid Projects per Subnational Unit in Africa ...................................................................... 35
Table 3: Summary Statistics ........................................................................................................................ 36
Table 4A: Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit
Model .......................................................................................................................................................... 39
Table 4B: Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit
Model (continued) ...................................................................................................................................... 40
Table 5A: Adjusted Associations of Political Preferencing and Amount of Chinese Aid received by a
Region, Conditional on Receiving Any Aid .................................................................................................. 44
Table 5B: Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a
Region, Conditional on Receiving Any Aid (continued) .............................................................................. 45
Table 6: Marginal Effects for the Probability of an African Region Receiving Chinese Aid by Purpose,
Using a Probit Model .................................................................................................................................. 49
Table 7A: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model ............... 51
Table 7B: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model (continued)
.................................................................................................................................................................... 52
Table 8A: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model with
Random Effects .......................................................................................................................................... 53
Table 8B: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model with
Random Effects (continued) ....................................................................................................................... 55
Table 9A: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model with
Random Effects and Index for Resources ................................................................................................... 57
Table 9B: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model with
Random Effects and Index for Resources (continued)................................................................................ 58
CHAPTER 3. ASSOCIATIONS BETWEEN HEALTH AID, MALARIA SERVICE READINESS, AND UTILIZATION OF
MALARIA HEALTH SERVICES: A STUDY AMONG CHILDREN UNDER 5 IN MALAWI ..................................... 63
Figure 1: Andersen and Newman model of health service utilization to examine malaria service
utilization by children under 5 in Malawi .................................................................................................. 69

vi
Table 1: Data Sources and Empirical Measures .......................................................................................... 75
Table 2: Construction of Measures of Malaria Service Utilization (Dependent Variables) ........................ 78
Table 3: Construction of Malaria Readiness Index ..................................................................................... 81
Figure 2: Indicators of Malaria Readiness Index ......................................................................................... 84
Figure 3: Mediation Model Relating Health Aid, Malaria Service Readiness, and Utilization .................... 88
Table 4: Malaria Treatment in Facilities Offering Curative Care to Children (%)........................................ 93
Figure 4: Percentage of Children Using Facility Based Malaria Services .................................................... 95
Table 5: Individual Determinants of Children Under‐5 by Predisposing, Enabling, and Need Factors ...... 96
Table 6: Logistic Regression Models to Investigate the Association between Health Aid and Utilization . 98
Table 7: Results of Multinomial Logit Regression of Health Aid on Average Readiness to Deliver Malaria
Services ..................................................................................................................................................... 103
Table 8: Logistic Regression Models to Investigate the Association between Overall Malaria Service
Readiness, Health Aid, and Utilization ...................................................................................................... 105
Table 9: Logistic Regression Models to Investigate the Association between Malaria Diagnostic
Readiness, Health Aid, and Utilization ...................................................................................................... 106
Table 10: Logistic Regression Models to Investigate the Association between Malaria Training Readiness,
Health Aid, and Utilization ........................................................................................................................ 108
CHAPTER 4. ALL‐CAUSE CHILD MORTALITY REDUCTIONS ASSOCIATED WITH MALARIA BED NET
CAMPAIGNS IN THE DEMOCRATIC REPUBLIC OF THE CONGO ................................................................. 119
Figure 1: Proximate Determinants of Malaria Conceptual Framework .................................................... 127
Map 1: Dates of Long‐Lasting Insecticide=Treated Net Mass Campaigns and DHS Survey Locations ..... 129
Table 1: Analysis Variable Definitions and their Classification According to the Proximate Determinants
Framework ................................................................................................................................................ 133
Figure 2: Test of proportional‐hazards assumption for Long‐Lasting Insecticide‐Treated Nets (LLITN),
controlling for MEI, health aid, gender, mother’s education, rural status, floor type, year, and province
.................................................................................................................................................................. 138
Table 2: Sample Characteristics ................................................................................................................ 139
Table 3: Adjusted Associations between LLITN Campaign and Under‐5 All‐Cause Child Mortality ......... 141
Figure 3: Marginal effect of LLITN across the distribution of Malaria Ecology Index (MEI) ..................... 144
Table 4: Wald Test..................................................................................................................................... 145
SUPPLEMENTARY APPENDIX A, CHAPTER 2.............................................................................................. 182
Table A.1: Full table of Marginal Effects for the Probability of an African Region Receiving Chinese aid,
Using a Probit Model ................................................................................................................................ 182
Table A.2: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese Aid
using a Probit Model (continued) ............................................................................................................. 187

vii
Table A.3: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid
received by a Region Conditional on Receiving Any Aid ........................................................................... 193
Table A.4: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid
received by a Region Conditional on Receiving Any Aid (continued) ....................................................... 199
Table A.5: Marginal Effects for the Probability of an African Region Revving Chinse Aid by Purpose, Using
a Probit Model .......................................................................................................................................... 205
SUPPLEMENTARY APPENDIX B, CHAPTER 3 .............................................................................................. 212
Figure B.1: Partial Image of Household and Facility Level Linkage Using Kernel Density Estimation ...... 213
Table B.1: Logistic Regression Models to Investigate the Association Between Health Aid
(Disbursements) and Utilization .............................................................................................................. 214
Table B.2: Results of Multinomial Logit Regression of Health Aid (Disbursements) on Average Readiness
to Deliver Malaria Services ....................................................................................................................... 216
Table B.3: Logistic Regression Models to Investigate the Association Between Overall Malaria Service
Readiness, Health Aid (Disbursements), and Utilization .......................................................................... 217
Table B.4: Logistic Regression Models to Investigate the Association Between Malaria Diagnostic
Readiness, Health Aid (Disbursements), and Utilization .......................................................................... 219
Table B.5: Logistic Regression Models to Investigate the Association Between Malaria Training
Readiness, Health Aid (Disbursements), and Utilization .......................................................................... 221
Table B.6: Logistic Regression Models to Investigate the Association Between Health Aid and Utilization
.................................................................................................................................................................. 224
Table B.7: Results of Multinomial Logit Regression of Health Aid on Average Readiness to Deliver Malaria
Services ..................................................................................................................................................... 226
Table B.8: Logistic Regression Models to Investigate the Association between Overall Malaria Service
Readiness, Health Aid, and Utilization ...................................................................................................... 227
Table B.9: Logistic Regression Models to Investigate the Association between Malaria Diagnostic
Readiness, Health Aid, and Utilization ...................................................................................................... 229
Table B.10: Logistic Regression Models to Investigate the Association between Malaria Training
Readiness, Health Aid, and Utilization ...................................................................................................... 231
Table B.11:Logistic Regression Models to Investigate the Association Between Early and Late Health Aid
and Utilization ........................................................................................................................................... 233
Table B.12: Results of Multinomial Logit Regression od Early and Late Health Aid on Average Readiness
to Deliver Malaria Services ....................................................................................................................... 235
Table B.13: Logistic Regression Models to Investigate the Association Between Overall Malaria Service
Readiness, Early and Late Health Aid, and Utilization .............................................................................. 236
Table B.14: Logistic Regression Models to Investigate the Association Between Malaria Diagnostic
Readiness, Early and Late Health Aid, and Utilization .............................................................................. 239
Table B.15: Logistic Regression Models to Investigate the Association Between Malaria Training
Readiness, Early and Late Health Aid, and Utilization .............................................................................. 241

viii
Figure B.2: Bandwidth Selection for Kernel Function for Hospitals.......................................................... 244
Figure B.3: Bandwidth Selection for Kernel Function for Health Centers ................................................ 245
Figure B.4: Bandwidth Selection for Kernel Function for Dispensaries .................................................... 246
Table B.16: Results of Multinomial Logit Regression Using Estimated Bandwidth in KDE ....................... 247
Table B.17: Logistic Regression Models to Investigate the Association Between Overall Malaria Service
Readiness, Health Aid, and Utilization using Estimated Bandwidth in KDE.............................................. 248
Table B.18: Logistic Regression Models to Investigate the Association Between Malaria Diagnostic
Readiness, Health Aid, and Utilization using Estimated Bandwidth in KDE.............................................. 250
Table B.19: Logistic Regression Models to Investigate the Association Between Malaria Training
Readiness, Health Aid, and Utilization using Estimated Bandwidth in KDE.............................................. 252
SUPPLEMENTARY APPENDIX C, CHAPTER 4 .............................................................................................. 254
Figure C.1: Malaria Ecology Index and Interview Locations by Urban/Rural Classification ..................... 254
Figure C.2: Sample Determination ............................................................................................................ 255
Table C.1: Adjusted Associations Between LLITN Campaign and Under‐5 All‐Cause Child Mortality (Full
Table) ........................................................................................................................................................ 256
Table C.2: Literature Review Tables .......................................................................................................... 261

ABSTRACT
HEALTH AID IN AFRICA: PLACEMENT, SERVICE UTILIZATION, AND BENEFIT
By Carrie Brewer Dolan
A dissertation submitted in partial fulfillment of the requirements for the degree of Doctor of
Philosophy in Healthcare Policy and Research at Virginia Commonwealth University.
Virginia Commonwealth University, 2017
Chair, Andrew J. Barnes, Assistant Professor Department of Health Behavior and Policy

While the health sector has attracted significant foreign aid, evidence on the effectiveness
of this support is mixed. This dissertation examines the allocation of health aid within the context
of placement, service utilization, and benefit. The first paper examined the subnational allocation
of Chinese development aid projects across Africa. I determined how political preferencing of
Chinese aid – specifically, allocating aid to the birth region of the current political leader – differs
across sectors such as health, education, and transportation. I find some evidence that aid, more
broadly defined, is subject to political preferencing in recipient countries, which could potentially
limit its intended effects. The second paper examines the influence of health aid on malaria
service utilization in Malawi. It tests the hypothesis that health aid boosts a facility’s readiness to
provide malaria services, thereby increasing the utilization of malaria services in a facility’s
service area. Findings indicate that while increased health aid is associated with increased health
facility readiness to diagnose malaria, these improvements are not generally related to increased
health care utilization. The final project focuses on population level health effects of health aid
placement in the Democratic Republic of the Congo, specifically whether all‐cause child mortality

is lower in regions receiving malarial aid interventions. Among the most promising evidence
found on the potential benefit of health aid is that investments, such as malaria bed nets, are
associated with reductions in child mortality, particularly in rural settings and among those with
low malaria burden. These latter findings suggest health aid should be carefully targeted and
should consider local disease risks to fully realize the benefits of population‐level improvements
in child health. When taken together, my findings indicate that health aid is positively associated
with limited improvements in health outcomes. Overall, these results support a need for
researchers to avoid the temptation to aggregate aid flows and health outcomes at the country
level, and instead examine sector‐specific aid flows at the lowest subnational geographic unit
possible in order to inform policies designed to allocate health aid.

CHAPTER 1. INTRODUCTION
In 2015 — the same year that US$36.4 billion of health aid was disbursed to low‐and
middle‐income countries — the United Nations launched the Sustainable Development Goals
(SDGs) to mobilize global development efforts on poverty, inequality, and climate change.1 Goal
Three in particular underscored the need to “ensure healthy lives and promote wellbeing for all
people at all ages.”2 This far‐reaching health goal aims to tackle child health, maternal health,
substance abuse, universal health coverage, and infectious disease in the developing world. The
signatories of the SDGs have already stated population‐level targets to reach Goal Three, such as
by 2030 aim to reduce under‐5 mortality to at least as low as 25 per 1,000 live births.2 However,
setting ambitious global health goals and targets and increasing funds alone is insufficient to
improve population health outcomes such as decreasing child mortality and ending malaria.2 The
key to achieving these targets is to understand how critical, and often limited, health resources
such as malaria bed nets and diagnostic tools are funded and allocated both within and between
countries. Only when we see how these resources are allocated at the subnational level, can we
identify gaps in program placement and fund interventions in the places and for the populations
that need them the most.
Evidence indicates that investments in health are critical for better health outcomes, but
the majority of existing research has relied largely on aggregate (i.e. country‐level) information.3‐
6

Although these studies have added to our understanding of how aid is used, and have been

influential in the overall design of health programs, the result is that aggregate information is
being used to make essential decisions regarding individual‐ or project‐level programs. Careful
planning and evaluation using disaggregated (i.e., subnational) data will be necessary to sustain
1

the current improvements in health, as well as extend health improvements to reach the SDGs.1
This dissertation fills a key gap in the literature by using subnational data on the allocation of
development aid combined with subnational data on development outcomes. This approach
addresses how health aid in particular is used and whether it has a positive association with
population health outcomes. In contrast to other scholarship finding aid to be ineffective, my
dissertation finds evidence that health projects are positively associated with health outcomes
in some settings.
In this chapter, I first introduce a working definition of aid effectiveness, followed by a
review of the existing debate on general aid effectiveness. Next, I focus on what the evidence
suggests regarding the impact of aid, with a particular emphasis on the health aid literature.
Finally, I conclude with a discussion of existing gaps in the literature, and suggest where my
research makes a specific contribution.
DOES AID WORK?
Whether aid “works” is highly conditional on definition. Within the development community,
there is little consensus on what it means for aid to be effective. The Paris Declaration on Aid
Effectiveness serves as a general road map, but refrains from explicitly stating a specific definition
of aid effectiveness, and instead uses a framework of five guiding principles.7 An independent
review of the Paris Declaration defines aid effectiveness as “Arrangement for the planning,
management and deployment of aid that is efficient, reduces transaction costs and is targeted
towards development outcomes including poverty reduction.”8 This definition of aid
effectiveness focuses on how aid is used, but does not precisely define what it means for aid to
be effective. Thus, much of the econometric literature has focused on whether aid is effective,
2

defining effectiveness as a positive and statistically significant relationship between aid and aid
targets.9
Different agencies also use aid effectiveness language and concepts differently. For example,
the World Bank defines aid effectiveness as “the impact aid has in reducing poverty and
inequality, increasing growth, building capacity, and accelerating achievement of the Millennium
Development Goals (MDG) set by the international community,” thereby directly tying its aid
effectiveness to the MDGs (now replaced by the SDGs)10. The Global Fund, which was the second
largest donor to health programs in 2014, has an even more target‐focused definition of aid
efficacy: it established 13 specific targets and declares aid “effective” if it reaches targets such as
aligning grants to national Monitoring and Evaluation (M&E) systems.11,12
Motivated by the literature and current practice I adopted the following definition of aid
effectiveness. Aid “works” or is effective when it contributes to, or is associated with, positive
health outcomes such as decreased child mortality or an increase in health service utilization,
even if these contributions are modest.9 Incremental improvements in health related aid might
be critical if the aid is successfully addressing population level health outcomes such as child
mortality.
OVERVIEW OF EVIDENCE ON AID EFFECTIVENESS
Whether foreign aid to the health sector improves development outcomes has been
debated since the 1970s. Some evidence shows that increases in aid have been followed by
average increases in investment in physical and human capital, economic growth or population
level health improvements.6,13‐15 Yet opponents find that the average effect of aid on economic
growth is modest at best, that aid may even undermine broader development efforts, and,
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therefore, that aid is ineffective at improving population‐level measures.16‐18 Development
experts thus share a perspective that aid to the developing world has done little to end global
poverty. However, they differ in how and whether they think aid can work in the future.
As early as 1958 and 1971, Milton Friedman’s and Peter Bauer’s early critiques of aid
programs attacked the allocative efficiency, defined as Pareto efficienta resource allocation of
development assistance when measured against the programs’ goals.20 They argued that the
political elite in recipient countries would benefit disproportionately from aid flows, incentivizing
inefficient allocation. Since these seminal works, Jeff Sachs, William Easterly, and Paul Collier
have offered three more perspectives on the relationship between foreign aid and impact.
One of the most vocal proponents of foreign aid is Jeffrey Sachs, who argues that while
aid has sometimes failed, it is a critical means by which communities and countries escape the
poverty trap, a vicious cycle of poverty that keeps people poor.21,22 In The End of Poverty:
Economic Possibilities For Our Time, Sachs advances that extreme poverty could be eliminated by
2025 if wealthy countries increased their combined foreign aid budgets to $135‐195 billion. Sachs
faults a combination of factors rooted in geography — low food productivity, high burden of
disease, and physical isolation — for forming poverty traps, and asserts that targeted investments
can break these traps at a low cost, increasing food production, decreasing disease, and reducing
economic isolation. Once poverty traps are broken, Sachs believes, countries can enter regional
and global markets and end their need for foreign aid.23

aa

Pareto efficiency is an economic state where resources are allocated in the most efficient manner. It is reached
when one group’s situation cannot be improved without making another party's situation worse.19

4

William Easterly contends that Sach’s approach in fact cripples foreign aid. In The White
Man’s Burden: Why the West’s Efforts to Aid the Rest Have Done So Much Ill and So Little Good, Easterly

declares that there is no single “Big Answer” to address world poverty. In Easterly’s view, top‐
down efforts by “Planners” in high‐income governments reflect donors’ interests and their
perceptions of what is best for recipients, when what is needed are empowered “Searchers”
(such as field workers in non‐profit organizations) who understand the needs of the poor and can
find answers to problems by iterative and tangible on‐the‐ground experiments.24
For a middle perspective on aid that extends over Sachs and Easterly’s positions, Paul
Collier is a proponent of aid, but not in all situations. Like Sachs, Collier believes in poverty traps
and that aid delivered in specific ways can lift countries out of poverty. However, the traps and
the solution to getting out of them are very different. Resonating with Easterly’s work, he also
perceives the presence of a façade or veneer behind governments and international institutions
— an example being Somalia, who continued to be represented in international meetings, such
as the World Trade Organization, despite lacking a functioning government or even the ability to
negotiate.22 Dissenting from Easterly’s perspective that aid is not associated with increased per
capita GDP, Collier argues that in the absence of aid, growth in Africa would have been worse. In
The Bottom Billion: Why the Poorest Countries are Failing and What Can Be Done About It, Collier
suggests that aid policy should target the “bottom billion”. The bottom billion are the one billion
people in approximately 50 nations who are caught in four specific poverty traps of conflict,
dependence on natural resources, being landlocked with neighbors who have little growth
opportunities, and ineffective governance. Collier’s proposed solutions are rooted in preferential
trade policies, international legislation against corruption through trade restrictions, and highly
5

regulated military interventions.22 Given the debate has primary existed at the national level it is
reasonable to expect wide and conflicting evidence. However, these conflicting perspectives
provide few actionable items for policymakers.
CONTRIBUTION OF AID TO THE HEALTH SECTOR
Between 2000 and 2010, development assistance for health grew 2.6 times faster than the
global economy and 2.9 times faster than official development assistance (ODA) provided to non‐
heath sectors.1 Yet, little is known about how health aid translates to health impact. The
multifaceted nature of development objectives and difficulties in distinguishing between short
and long‐term impacts complicate any examination of the aid‐outcome relationship. The
endogeneity of the relationship also creates challenges when determining the direction of
causality, as it limits the ability to establish a credible counterfactual.25 Most studies therefore
focus only on statistical associations and not on impact or causation.26
Few studies of health aid have found meaningful changes in targeted health outcomes,
making recent work by Bendavid, Akachi, and Ng notable.15,27,28 Using a controlled pre/post study
design, Bendavid assessed the effect of the President’s Emergency Plan for AIDS Relief (PEPFAR)
on HIV‐related outcomes, and found that after 4 years of PEPFAR activity, HIV‐related deaths in
sub‐Saharan African countries decreased.29 In contrast to large‐panel research, Ng conducted an
observational study in India to examine the number of HIV infections averted with a donor‐
funded AIDS treatment initiative, concluding that the AIDS mortality rate fell from 6.4 per 1000
person‐years in the pre‐antiretroviral therapy (ART) period, to 2.7 after implementation of ART.
Although limited, Ng’s team did find an impact of the ART initiative on decreasing the number of
new HIV infections.27
6

Turning to malaria specific outcomes, Akachi and Atun quantified the relationship between
malaria investments and malaria‐attributed mortality using longitudinal data from 24 sub‐
Saharan African countries. They estimated that the increase in coverage of insecticide‐treated
nets (ITNs) and indoor residual spraying (IRS) resulted in 237,971 lives saved among children
under 5.28 Akachi and Atun, Chizema‐Kawesha, Steketee, Flaxman, and Noor all led studies
examining the percent of households that owned at least one insecticide‐treated net.28,30‐33 All
concluded that ITN ownership increased after ITN programs were funded and scaled‐up.
However, these studies were all conducted at the country level using country‐level data, or had
a narrow focus and only included a small number of facilities or subnational districts.
Despite the US$30 billion‐a‐year global investment in health, very few studies demonstrate
the process by which health funding translates to health outcomes at the subnational level. In
2015, BenYishay estimated the reduction in all‐cause child mortality after initial countrywide
measles vaccination campaigns across countries and subnational regions. Measles vaccination
campaigns were shown to have raised the probability of a child’s survival to 60 months by
approximately 2.4 percentage points for treated cohorts.34 In 2017, Marty specifically examined
the subnational allocation of health aid, determining that health aid contributed to reduced
malaria prevalence and improved self‐reported healthcare quality.35 Importantly, health aid was
found to be preferentially allocated, defined as aid reaching its intended target, to urban areas
and areas with more existing health facilities; however, aid was not preferentially allocated to
areas with the worst health conditions.35 Given that aid is targeted subnationally and that the
determinants of population health and the infrastructure to improve health varies within
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countries, if we are to develop targeted aid policies that improve health outcomes, further
research using disaggregated data is essential.
SPECIFIC CONTRIBUTION TO RESEARCH
This dissertation began during the height of conflicting aid effectiveness evidence emerging
in the empirical literature. During this time, researchers were aggregating aid information across
all types of aid projects with very different objectives. For example, researchers aggregated
projects seeking to promote economic growth, protect biodiversity, respond to public health
challenges and provide emergency relief into one bundle of aid. Then, cross‐country regression
methods were used to gauge aid impact on highly aggregated outcomes like economic growth.
This body of literature produced internally consistent, but contradictory evidence for
policymakers on aid’s impact, leaving few actionable insights. Therefore, this dissertation work
was motivated by the conviction that we need more sectorally and spatially precise data on
development investments and development outcomes to begin understanding what works and
doesn’t work; where and why. It was clear, that most important questions about aid
effectiveness, motivated from the development community, simply could not be answered if
research continued to rely on the commonly used OECD’s Creditor Reporting System. Therefore,
due to data limitations and difficulties in cross‐national comparisons,36 this dissertation
approached the aid effectiveness debate using subnational data which confronts three very basic
and fundamental challenges: (1) insufficiently granular information about the purposes of
development projects and bundle of interventions that each of these projects supported; (2) the
absence of subnational information about the physical locations of these interventions; and (3)

8

a complete lack of knowledge about the activities of the largest, non‐Western sources of
development finance (ie. China).
The three papers in this dissertation are guided by a Theory of Change (ToC) : an outcomes‐
based approach describing a sequence of events that is expected to lead to a particular behavior
or other endpoint of interest.37,38 ToC are increasingly used in international development by
governmental, bilateral, and multilateral development agencies, civil society organizations,
international non‐governmental organizations, and research programs intended to support
development outcomes.39 These conceptual frameworks highlight the context for the aid
intervention, the long‐term change that the aid intervention seeks to support, the sequence of
changes, and any assumptions about how these changes might happen.39
This dissertation’s Theory of Change model frames the allocation of aid across a continuum,
as depicted below in Figure 1 by a series of boxes with arrows that connect them. At the left end
is a box that contains the determinants of aid, representing a donor’s decision to allocate aid
within a given country. Next are the aid flows to sectors within countries and regions — a key
stage of aid placement used as a way of thinking about how aid may flow to a specific sector (e.g.,
the health sector). Third are the aid interventions that conceptualize the procurement of health
interventions, such as malaria bed nets or diagnostic tools, and emphasize how project funds
manifest in tangible resources. Finally, on the far right are the health outcomes that result from
a complex and nuanced relationship between aid allocation, placement, and procurement of
interventions. This flexible model allows for an understanding of how aid moves from allocation
to health outcomes, and suggests that a disconnect between observed changes in health

9

outcomes might be due to breakdowns in the continuum, and specifically in the initial allocation
of donor funds.

10

Figure 1: Conceptual Model of Aid Allocation and Aid Outcomes

Chapter 4: All‐cause child mortality reductions associated
with malaria bed net campaigns in the Democratic
Republic of the Congo

Chapter 2: Pulling the purse strings: Is there political
preferencing in Chinese aid to Africa?

Determinants of aid
allocation

Aid flows to all sectors
within countries and
regions

Aid Interventions

Aid Outcomes

Chapter 3: Associations between health aid, malaria service
readiness, and utilization on of malaria health services: A
study among children under 5 in Malawi
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It is increasingly important to understand the aid allocation patterns of countries, like
China, who are rapidly becoming large players in the global development space but who may be
less bound to compacts that aim to curb regional favoritism in aid allocation. My first dissertation
paper (Chapter 2) investigates the first two boxes of the conceptual framework to understand
whether and how political preferencing of Chinese aid differs across sectors such as health,
education, and transportation. Using a two‐part model, I test the hypothesis that Chinese
development projects are disproportionately more likely, in some sectors relative to others, to
be allocated to the birth regions of African political leaders currently in power. Using health aid
as a case study, I additionally examine preferencing within sectors.
Following increases in development assistance and the rapid scaling up aid interventions,
notably malaria interventions, studies across Africa are showing mixed evidence whether and
how health aid influences health and health care use outcomes.32,40,41 This provides an
opportunity to understand the continuum of aid using the last three boxes of the conceptual
framework in Figure 1. My second dissertation paper (Chapter 3) examines changes in malaria
service utilization, based on health aid and malaria facility readiness to provide diagnostic and
training services. I test the hypothesis that health aid boosts a facility’s readiness to provide
malaria services, thereby increasing utilization of malaria services in the facility’s service area.
Finally, representing the right‐hand side of the model, the global health community
currently spends approximately USD$2.6 billion annually on malaria‐related efforts, yet malaria
remains a leading cause of childhood death in much of the developing world.42 Despite this
substantial investment, there is very little systematic evidence on the relationship between
nationwide prevention programs (such as the rollout of long‐lasting insecticide‐treated bed net
12

(LLITN) distribution) on population‐level measures. My final dissertation paper (Chapter 4)
examines the relationship between the procurement of an aid intervention and aid outcomes
(see Figure 1). It fills a gap in the literature by measuring the effect of a nationwide distribution
campaign using geographically‐ and temporally‐disaggregated data on targeted aid and health
outcomes. Using a fixed‐effects logistic framework, I test the hypothesis that reductions in under‐
five all‐cause child mortality were associated with living in a province after the onset of LLITN
mass campaigns in the Democratic Republic of the Congo.
When taken together, my findings indicate that international health aid is positively
associated with limited improvements in health outcomes in some settings. I find some evidence
that aid, more broadly defined, is subject to political preferencing in recipient countries which
could potentially limit its intended effects and that, while increased health aid is associated with
increased health facility readiness to treat malaria, these improvements are not generally related
to increased health care utilization to diagnose and treat malaria. Among the most promising
evidence found on the potential benefit of health aid is that investments, such as malaria bed
nets, are associated with reductions in child mortality, particularly in rural settings and among
those with low malaria burden. These latter findings suggest health aid should be carefully
targeted and should consider local disease risks to fully realize the benefits of population‐level
improvements in child health. Overall, these results support a need for researchers to avoid the
temptation to aggregate aid flows and health outcomes at the country level, and instead examine
sector‐specific aid flows at the lowest subnational geographic unit possible in order to inform
policies designed to allocate health aid.
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CHAPTER 2. PULLING THE PURSE STRINGS. IS THERE POLITICAL
PREFERENCING IN CHINESE AID TO AFRICA?
ABSTRACT
It is important to understand aid allocation for a country, such as China, that is becoming an
increasingly important player in the global development space, but may be less bound to
compacts that aim to curb political preferencing and therefore may produce less yield in terms
of impact toward Sustainable Development Goals. This research investigates whether and how
political preferencing of Chinese aid differs across sectors such as health, education,
communications, and transportation and tests the hypothesis that Chinese development projects
are disproportionally more likely to be allocated to the birth regions of the current African
political leaders in some sectors relative to others. In addition, this study examines preferencing
within sectors, using health aid as a case study. Using a two part model, I find that political
preferencing related to the allocation of aid is limited to emergency aid, 75 percentage points
(95% CI: 0.178 to 1.329), and energy aid, 32 percentage points (95% CI: 0.053 to 0.594). Within
the health sector, I find that the birth region of the current political leader increases the
probability of having a basic water and sanitation project by about 41 percentage points (95% CI:
‐0.053 to 0.874). These results support the need for continued transparency of Chinese aid flows.
It is clear that aggregation masks the true relationship between aid flows and the birth region of
the current political leader. Therefore, further research should avoid the temptation to aggregate
aid flows into a single type and instead examine sector specific aid at the lowest level of
disaggregation possible. This approach will support the new policy framework for measuring aid
flows designed to target Sustainable Development goals.
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INTRODUCTION
In the past thirty years, China has risen in profile from aid recipient to aid donor as a result
of its economic growth.43 As the world’s largest trading nation and with the movement of goods
and services associated with the transfer of knowledge, China’s total amount of aid is expected
to continue to increase.43 As a result, China will shortly catch up with the top five Development
Assistance Committee (DAC) members of the Organisation for Economic Co‐operation and
Development (OECD)—US, UK, Japan, France, and Germany—in total official development
assistance (ODA).44 However, China does not belong to the DAC, an international organization
designed to collect data on foreign aid with an overarching objective to promote development
cooperation.45 Since China is not an OECD DAC member there is little transparency about China’s
financial flows to developing countries.
Capturing a full picture of China’s aid commitments has been challenging due to an overall
lack of transparency, but there are several estimates in the literature.44 Strange et al. estimated
that China’s ﬁnancial commitments to Africa accounted for approximately $75 billion US dollars
through 1673 projects from 2000 to 2011.46 Other analyses of Chinese aid efforts show that
China’s net foreign aid was $4.5 billion dollars in 2011, $5.7 billion in 2012, and $7.1 billion in
2013.44 These expenditures are consistent with China’s rise in stature among international
donors, which was ranked 16 out of 27 until 2006 and then moved up rapidly to number 6 in
2012.44 A common assumption in the international donor community is that China uses foreign
aid to secure energy and natural resources and to expand export markets.43 In general, Chinese
aid operates under a principle of non‐interference, which dictates a determination not to involve
themselves in the politics of the countries in which they supply aid.47 In addition to encouraging
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political favoritism, this principle may encourage corruption, weaken accountability, or ignore
human rights as well as undermine development efforts of Western donors who believe that aid
is more effective if allocated to countries with good governance and economic policies.43,47 These
factors combined, contribute to yielding less impact toward Sustainable Development Goals
(SDGs). Over the next fifteen years, the SDGs will mobilize efforts to end all forms of poverty,
fight inequalities, and tackle climate change. Although, governments are not legally bound to the
SDGs, there is an expectation that governments will take ownership and create country level
policies toward achievement of these goals.48
Little is known about the types of projects China funds and where those projects are
located, and therefore existing literature on the political preferencing of Chinese aid at a
subnational level is limited. A recent study, conducted by Dreher et al., showed that when leaders
hold power their birth regions receive substantially more in total aid funding across all sectors
from China than other subnational regions.49 Dreher and colleagues also found evidence that
African leaders direct more Chinese aid to areas populated by individuals who share their
ethnicity.49 These results show that the selection of Chinese aid projects is vulnerable to regional
favoritism, but their empirical approach examined aid by combining all types into a single aid
flow. To produce policy relevant estimates, researchers should resist aggregating across aid types
and instead consider the nuances associated with each type of aid.50 We do not know if this
preferencing is consistent across all aid types or if some aid types, like health or education, are
more susceptible to political preferencing. Such evidence is essential to inform policies to
coordinate aid allocation across donor countries and achieve the Sustainable Development
Goals.49
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Understanding allocation of aid is important for a country, such as China, that is becoming
an increasingly important player in the global development space, but may be less bound to
compacts that aim to curb political preferencing and thus may produce less yield in terms of
impact toward SDG goals. Chinese aid may be particularly easy to exploit for politicians who are
engaged in a political platform based in favoritism.49,51‐53 The aim of this research is to investigate
whether and how political preferencing of Chinese aid differs across sectors such as health,
education, communications, and transportation and to test whether Chinese aid is more likely to
flow to birth regions as an example of preferencing. This research will test the hypothesis that
Chinese development projects are disproportionately more likely to be allocated to the birth
regions of the current African political leaders in some sectors relative to others. This approach
disaggregates the data from total aid to sectors of aid, which provides an opportunity to consider
the nuances associated with each.50 In addition, this study examines preferencing within sectors,
using health aid as a case study. This approach further disaggregates health aid, examining it by
the specific purpose (e.g., physicians supply vs. medical supplies vs. water supply) instead of
solely the broad aid type (i.e., health). It is particularly important from a development policy
perspective to investigate whether health aid is influenced by political preferencing since a rich
evidence base demonstrates positive health impact of efficient allocation of donor resources.26
This positive relationship between health aid and health outcomes is exemplified in recent years
by findings that a majority of aid earmarked for financing relatively new and highly efficacious
technologies, including antiretroviral therapy, insecticidal‐treated bed nets, and new vaccines,
has vastly improved the health of donor recipient countries.13 On the other hand, the evidence
base from other sectors, such as economic policy, energy, transportation, and urban
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development, includes little evidence of donor impact.54 Thus, approaching aid effectiveness
from the sector perspective provides insight into the allocative strategy, particularly for countries
like China.
Africa was selected for this analysis for three reasons. First, political conflict across Africa
is often linked to pervasive use of patronage in retaining control. Leaders across the region hold
onto offices by purchasing support through the distribution of state resources.55 Therefore
understanding measures of patronage, such as aid from China, is appropriate in order to
understand the government’s controlling influence in aid outcomes. Second, China states it
spends more than half of its foreign aid in 51 African countries.56 Africa represents a unique
opportunity to examine AidData and Chinese aid given the geographic coverage of AidData’ s
existing database. Within the existing available data, there are enough projects to estimate the
association between Chinese aid projects and allocation to birth region of the current political
leader.
This study offers a significant contribution to the extant evidence provided by Dreher,
among others, to examine political preferencing of Chinese aid across aid sectors (e.g., health vs.
education) and then within one specific sector, health. The paper proceeds as follows, after
introducing a conceptual framework of how aid flows may be influenced by political preferencing,
the data and empirical approach are presented. Following these, the main results on Chinese aid
preferencing in Africa across health, education, and other sectors are discussed, as well as the
results for health aid by purpose. Finally, the implications of my findings for SDG policies are
presented.
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CONCEPTUAL FRAMEWORK
In this research, the Theory of Change was used to examine the links between the
determinants of Chinese aid allocation, the placement of Chinese aid projects, and the role of
political preferencing (Figure 1).38 This theory is an outcomes‐based approach that describes a
sequence of events that is expected to lead to a particular outcome.37 It is increasingly being used
in international development by governmental, bilateral, and multilateral development agencies,
civil society organizations, international non‐governmental organizations, and research programs
intended to support development outcomes.39 The Theory of Change is flexible and may be
visually represented in different ways, but the basic elements include the context for the aid
intervention, long‐term change that the aid intervention seeks to support, the sequence of
change, and assumptions about how these changes might happen.39
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Figure 1: Conceptual Framework of Chinese Aid Allocation by Sector Adapted from the Theory of Change
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among children under 5)

Beginning on the left‐hand side of Figure 1, the Theory of Change is used in this research
to suggest how Chinese aid impacts development outcomes by outlining that donor aid is used
to procure and distribute development interventions. These interventions must then be properly
deployed in order to produce the desired outcomes and, ultimately, population‐level impact. A
disconnect between interventions and desired aid outcomes may, according to the Theory of
Change, result from breakdowns upstream where aid flows are determined. As a result, this
research will focus on the first two components of the aid pathway, investigating what occurs
between the determination of aid allocation and identifying the interventions financed by
donor.37 In Figure 1, these two components are outlined with bold. In the left‐most box, the figure
includes the determinants of bilateral aid allocation from China to Africa. These aid determinants
include donor interests, recipient need, and government. Arrows denote the pathway between
aid allocation and long‐term development goals. There are three key assumptions underlying this
theory of change. First, that the placement of aid projects will lead to increased availability of key
development interventions. Second, that aid interventions ultimately have a positive impact on
population level outcomes. Finally, that sector level aid allocation will be used for development
interventions.
Political Preferencing/Government
Importantly for this paper, political preferencing is also a determinant of aid flows and
may result in inefficient aid allocation, which would subsequently alter aid interventions,
outcomes, and impact.49 Further, some aid sectors may be more vulnerable to political
preferencing than others, creating differential adverse impacts across sectors downstream. To
this point, I follow Rajan and Subramanian, and instead of examining aid either in the aggregate
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or in a narrow framework, I take a more comprehensive perspective and examine aid according
to “the use to which aid is put.”57 In addition, literature has demonstrated that countries that
democratize receive more aid.58 Following the standard in the literature on democratization,
Polity IV is used as an empirical measure of recipient levels of democracy.
While research on foreign aid effectiveness is moving beyond aggregate aid levels,
research on donors decisions to give foreign aid remains at an aggregate level.59 Both the inability
to disaggregate aid information by sector as well as the absence of comprehensive data on
Chinese aid flows has led to a small body of research aimed at understanding the determinants
of China’s aid provision. Dreher and Fuchs determine that Chinese aid allocation is significantly
influenced by both political and commercial interests.47 Other evidence on determinants of
bilateral aid from Mishra suggests that donor need in the form of population, donor interests,
and governance are important.59 This literature contributes to the conceptual model linking aid
determinants and aid flows.
Donor Interests
In the conceptual model, economic resources (e.g., mines, oil/gas, ports) are included to
control for the claim that Chinese aid is driven by an interest in accessing natural resources.49,60
Chinese financing to Africa has been linked to the controversial “Angola Model” where China
provides low interest loans to countries that rely on commodities, such as oil, minerals, and gas.61
From 2004 to 2011, China made these deals to at least seven resource‐rich African countries
totaling USD$14 billion.61 In addition to directly controlling for national resources, ports were
included to control for China’s interest in facilitating the import and export of goods to support
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what has been termed as China’s “Maritime Silk Road.”62 In 2006, trade between Africa and China
totaled more than $50 billion, with oil imports from Angola and Sudan, timber from Central
Africa, and copper from Zambia. 63
Recipient Need
Measures of recipient need include geographic area of the country, population size, and
road density. Nighttime light intensity is also included as a proxy for economic activity at the
subnational level. Geographic area of the country as an indicator of recipient need is a key
element in the aid allocation process for bilateral donors, such as China.59 In addition, the number
of people living in an area has been demonstrated to introduce systematic bias in the allocation
of aid. In general, less populous countries receive more per capita aid than more populous
ones.58,64,65 A wide range of explanations have been offered for this negative relationship,
including decreasing marginal benefit as population increases, limited capacity of large countries
to absorb an additional amount of aid, and the potential of greater aid effectiveness in small
countries.65 Capital cities were included to control for the claim that a disproportionate amount
of aid goes to capital cities. This could be politically motivated, meaning that unrest in capital
cities is uniquely dangerous to recipient governments headquartered in the capital.66‐68 Other
research finds aid is disproportionately allocated to the capital, not because that is where the
people are but because it is where the wealthiest people are located, and these people are the
target of resource transfers such as aid.67 Next, the density of roads is included as a measure of
recipient need as the length of road in a region proxies for infrastructure and capacity to support
aid interventions.49 Finally, nighttime light intensity is used extensively in the literature as a proxy
for economic activity when subnational GDP is not available.69,70,71
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DATA
This analysis uses a new georeferenced dataset on the subnational allocation of Chinese
development aid projects across Africa. The data set was constructed using open‐source
methodology, called Tracking Underreported Financial Flows (TUFF), designed to collect project‐
level data from suppliers of official finance who do not participate in global reporting systems
such as China, India, and Saudi Arabia.72 This approach builds on previous methods to use media
reports to track official Chinese development aid and expands on these methods by
supplementing media reports with additional information sources, such as case studies, field
reports completed by academics as well as non‐governmental organizations, project inventories,
and grant and loan information.73 Previous efforts to classify Chinese development aid data had
numerous challenges such as over counting, double‐counting, lack of transparency, reliance on
one language, and relying on data from a single source. The TUFF methodology was designed to
mitigate these challenges as well as the risks associated with using media reports by collecting
data through a two‐phase data collection process.73 The first phase identifies projects using
Factiva, which is a Dow Jones‐owned media database drawing on approximately 28,000 media
sources worldwide in 23 languages. These sources primarily consist of newspapers, and radio and
television transcripts. Next, additional sources, such as the Chinese Embassy website and the
recipient Aid Information Management Systems (AIMS), were used to identify other potential
projects that may have been overlooked by media sources.72,73 In the second phase, targeted
searches, based on projects identified in phase one, are conducted using both Google and Baidu
(a Chinese search engine). In this way, projects were corroborated and missing data fields were
populated. The second stage serves as a follow‐on data collection procedure and draws
information from case studies and field reports completed by academics and non‐governmental
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organizations, project inventories supplied through Chinese government websites, and grant and
loan data published by recipient governments.72
In order to examine this data at the subnational level, the projects were georeferenced
to include a latitude and longitude for each project location in AidData. The methodology used
for georeferencing aid is outlined in Strandow et al.74 The AidData coding process relies on first
and second rounds of coding as well as an arbitration process. Once a project has been coded
twice, the results are arbitrated by an automated system ,and a third team member resolves any
discrepancies between the two coders. For projects that are implemented in more than one
location, AidData georeferenced all locations.b To provide information about the spatial
granularity, each project location is attributed a precision code ranging from 1 to 8. This code
provides information on how close to a particular latitude or longitude a project occurs.74
The analysis in this chapter covers subnational units of 48 African countries over the
2000–2011 period.c The subnational units are at the first administrative level (ADM1) such as
regions, provinces, states, or districts. Throughout this paper the term “region” will be used to
denote geographic classification at the ADM1 level. Following Dreher et al. I excluded 5 small
island states of Cape Verde, Comoros, Mauritius, São Tomé and Príncipe, and Seychelles, as well
as, Western Sahara, a disputed territory, and Somalia since a central government is not present.
There are 744 ADM1 regions across the 48 African countries in this sample that were expanded
into a region year panel resulting in 8,928 observations. In the georeferenced dataset on the

b

Following Dreher et al. aid project amounts were spread equally across all locations identified in each project. This
is because we do not observe financial values at the project-location level, but only the project level.
c
Following Strange et al. (forthcoming) and Dreher et al.(forthcoming) the 2012 data of the 1.1 version of
AidData’s China in Africa dataset is excluded because of potential concerns about the comprehensiveness of the
financing and project placement data.
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subnational allocation of Chinese development finance projects across Africa there are 21 sectors
of aid. This analysis focuses on 11 of these sectors, which accounts for 79% of Chinese aid projects
reported in AidData as official Chinese aid to Africa from 2000 to 2011. The remaining 11% were
excluded if there were less than 50 projects across Africa or if the aid sector type was unspecified.
AidData
Twelve dependent variables (AllAidict, Healthict, Communicationsict, Educationict,
Transportationict , Agricultureict, Emergencyict, Energyict, Governmentict, Industryict, Multisectorict,
Socialict) were constructed based on Strange et. al and Dreher et al. and are the natural logarithm
of official Chinese aid commitments allocated to region i in country c and year t in constant 2009
US$. Measures describing the value of all aid projects as well as sector specific projects were
created (Health, Communication, Education, Transportation, Agriculture, Emergency, Energy,
Government, Industry, Multisector, and Social). These outcomes were constructed from version
1.1 of AidData’ s Chinese official finance to Africa dataset that consists of project‐level data,
geocoded at the subnational level. In total, the dataset constructed for all aid covers 1,901
project‐locations for which the geographical information was geocoded at an ADM1 (province,
region, or district) level or lower. These projects were committed to 48 African countries,
amounting to US$ 74.3 billion. In the sector‐specific analyses, I also included projects with a
geographical precision at the ADM1 level or lower.
Chinese aid was analyzed as all official financing activities coded as Official Development
Assistance (ODA)‐like or Other Official Flows (OOF)‐like. ODA‐like flows meet the definition for
Official Development Assistance as set forth by the OECD DAC. The DAC definition of ODA is as
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follows: “grants or loans to developing countries and territories and to multilateral agencies
which are: (a) undertaken by the official sector; (b) with promotion of economic development
and welfare as the main objective; (c) at concessional financial terms (if a loan, having a grant
element of at least 25 per cent). Includes financial flows and technical co‐operation.”75 OOF‐like
flows pertain to official financing that does not meet the OECD‐DAC’s definition for ODA. These
flows constitute export financing and other activities that promote the donor’s commercial
interests; projects that are representational in nature (designed to promote the donor's culture
or deepen institutional ties between the donor and recipient); or developmental loans that are
not concessional enough to be considered ODA‐like. Excluded from the analysis were Vague
(Official Finance). The Vague (Official Finance) classification is assigned to any flow that
constitutes official financing, but for which we do not have enough information to confidently
classify as ODA‐like or OOF‐like. This category has been created by AidData to make imprecision
of the data and the uncertainty of the flow‐type designations more explicit.75,76
To account for the financial size of the projects, I use the values of project commitments.
This represents the creation of a contractual obligation regarding funding between the donor and
the recipient or organization. In the data used for this study, 73% of projects have information
on their respective financial commitments. I follow Dreher et al. and set the dependent variables
to missing if a particular subnational locality has a Chinese project, but there is no information
about the monetary amounts.49 The bias resulting from the missing data should be minimal since
the missing values typically correspond to small projects.49
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EMPIRICAL APPROACH
In order to test the relationship between leaders’ birthplaces and the allocation of
Chinese aid and to account for data that contained many zero cost values, I estimate a two‐part
model.77d The first part models the association between an African leader’s birth region and the
probability a region receives an aid project using a probit regression. It tests whether a leader’s
birth region is more likely to receive Chinese development aid. Conditional on a region receiving
Chinese aid, the second part of the model estimates the association between a leader’s birth
region and the level of aid using log transformed ordinary least squares regression. All analyses
were conducted using Stata MP/13.1.
Primary Regressor
The main variable of interest is a binary indicator Birthregionict , which is equal to 1 if the
political leader of country c in year t was born in administrative region i, and 0 otherwise. Political
leader is defined using the definition of countries’ effective leaders from Goemans et al.’s
Archigos dataset, which was updated in Dreher and Yu. 78,79e
Covariates
Time varying and time invariant controls are outlined in Table 1 and follow Dreher et al.49
Nighttime light intensity in the year 2000 (Lightic) is included as a proxy for economic activity,
which is often used when official data on GDP are unavailable or when official statistics might be

An alternative model for count data with extra zeros is the Poisson model and the zero-inflated Poisson. I ran both
of these models but the models did not converge. As such, a binary model indicating whether or not a region had an
aid project was fit to the data. Then the level of aid, conditional on a region having a project, was examined.
e
The effective ruler corresponds generally to the prime minister in parliamentary regimes, to the president in
presidential regimes, and to the chairman of the party in communist states. Information on the dates of leaders’
entrance and exit from power is taken from Archigos and veriﬁed using DBpedia and, if necessary, Wikipedia.
d
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prone to measurement error or manipulation.80,81 To control for geographical and human‐
population size of subnational regions the variables Areaic and year 2000 Populationic were
included.82,83 Population was obtained from a Center for International Earth Science Information
Network data set (GPWv4), which provides globally consistent

population data at a

disaggregated level.82 In this research it is used to calculate a consistent population measure at
the regional level. Capital was added to account for the role of the country’s capital in aid
allocation.84 To test the idea that Chinese aid is driven by an interest in access to natural
resources I included measures for facilities in mines, oil and gas production, and ports (Minesic,
OilGasic and Portsic).85‐87 RoadDensityic was included to proxy for the ease of project
implementation based on the transportation infrastructure of the region. It was directly
calculated by dividing total length (km) of roads by square kilometers of subnational regions.83,88
I would expect that a positive RoadDensityic coefficient might reflect the cost and logistical
difficulty of implementing projects in a less accessible part of a country.49 Finally, Polityc controls
for the form of country government categorized as autocracies characterized by authoritarian
rule, anocracies, which represent countries that are neither fully democratic nor fully autocratic,
or democracies that have institutionalized procedures for open and competitive political
participation.89
Table 1: Analysis Variables
VARIABLE
Dependent Variables
All Aid
AllAidict

DEFINITION

SOURCE

Log of all official financing
activities coded as Official
Development Assistance and
Other Official Flows

AidData Chinese official
finance to Africa; Version
1.190

Sector Specific Aid
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Table 1: Analysis Variables
VARIABLE
Healthict, Communicationsict,
Educationict, Transportationict
,Agricultureict, Emergencyict,
Energyict, Governmentict,
Industryict, Multisectorict,
Socialict
Purpose of Health Aid Projects
Healthcareict, Health
infrastructureict, Infectious
diseaseict,, Large system water
supplyict, Basic Water and
Sanitationict
Time Varying Controls
Birthregionict

Time Invariant Controls
Lightic

Areaic

DEFINITION
Log of all official financing
activities coded as Official
Development Assistance and
Other Official Flows

SOURCE
AidData Chinese official
finance to Africa; Version
1.190

Log of all official financing
activities coded as Official
Development Assistance and
Other Official Flows

AidData Chinese official
finance to Africa; Version
1.190

=1 if the political leader of
country c in year t was born
in administrative region i, 0
otherwise

Dreher A, Fuchs A, Hodler R,
Parks B, Raschky P, Tierney
M. Aid on Demand: African
Leaders and the Geography
of China’s Foreign Assistance.
AidData Working Papers.
October 2016.49

Log of the average nighttime
light intensity of the pixels in
region i of country c in 2000
(i.e. beginning of sample
period)f
Square kilometers of
subnational regions

National Oceanic and
Atmospheric Administration
(NOAA); Version 4 DMSP‐OLS
Nighttime Lights Time
Series91
Directly calculated from the
shapefile of subnational
boundaries83
Center for International Earth
Science Information Network
(CIESIN); Columbia
University.82
Natural Earth; Populated
Places version 3.0.084

Populationic

Sum of the adjusted
population count of the
pixels in region i of country c.

Capitalic

=1 if the capital city of
country c is located in region
i, 0 otherwise
Total length of roads per
square kilometer

RoadDensity ic

f

From the shapefile of
subnational boundaries

Following Michalopoulos and Papaioanno (2013, 2014), Hodler and Raschky (2014), and Dreher et al. (2016) I
added 0.01 to the average nighttime light intensity before taking its logarithm. This ensures that I did not lose
observations with a reported nighttime light intensity of zero.
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Table 1: Analysis Variables
VARIABLE

DEFINITION

Minesic

Log of the sum of mineral
facilities in each subnational
region i of country cg

OilGasic

=1 if parts of an oil or gas
field overlap with the area of
subnational region i of
country c, 0 otherwise

Portic

Polityc

=1 if a port is located in
region i of country c, 0
otherwise
=1 country is a autocracy, =2
if country is a anocracy, =3 if
country is a democracy in
country c, 0 otherwise

SOURCE
(Area) and Center for
International Earth Science
Information Network
(CIESIN); Columbia
University; Global Roads
Open Access Data Set,
Version 1 (gROADSv1) 88
United States Geological
Survey (USGS); Mineral
Resource Data System;
Mineral facilities of Africa
and the Middle East (2006)85
Lujala, Päivi; Jan Ketil Rød &
Nadia Thieme, 2007. Fighting
over Oil: Introducing A New
Dataset’, Conflict

Management and Peace
Science 24(3), 239‐256. ‘86
National Geospatial
Intelligence Agency; World
Port Index87
Center for Systemic Peace,
Polity IV92

Statistical analysis
The objective of this study is to estimate whether more Chinese aid flows to the birth
region of the current political leader in African countries. Two challenges of the data on aid flows
presented themselves immediately. First, a substantial proportion of regions had zero aid flows
in years 2000–2011. Second, positive aid flows were highly skewed. Because of these features, I
used a two‐part model.93 The first part of the two‐part model estimates the probability that a

g

The mineral facilities include mines, plants, mills, or refineries of aluminum, cement, coal, copper, diamond, gold,
iron and steel, nickel, platinum-group metals, salt, and silver. I added one before taking the log.
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region receives an aid project (=1 if there is an aid project and 0 if no aid project is present),
specified as a probit regression (Equation 1). The second part is a log transformed ordinary least
squares regression of how much aid was received, conditional on an aid project being present
(Equation 2). Results from equation 1 are reported as average marginal effects (elasticities) in
order to emphasize the substantive and practical significance of the findings. Specifically, this
approach shows how the dependent variable (aid flows) changes when the independent variable
changes by an additional unit. 94
Equation 1

Pr(Y  1| X 1... X 2 )   ( X  )
Where Xβ=

  1 Birthregionict  2 Light 2000ic  3 Areaic   Population 2000ic  5Capitalic 
6 RoadDensityic   Minesic  8OilGasic  9 Portic  10 Polityc  11Yeart  12Countryc  ict
and where Y=AllAidict is a binary variable denoting an aid project in region i, of country c, during
year t.
Equation 2

log(Yict | Yict  0)    1 Birthregionict  2 Light 2000ic  3 Areaic   Population 2000ic  5Capitalic 
6 RoadDensityic   Minesic  8OilGasic  9 Portic  10 Polityc  11Yeart  12Countryc  ict
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where log(Yict) is either all one type of aid at the ADM1 level (development project, health,
communications, education, transportation, agriculture, emergency, energy, government,
industry, multisector, or social) and conditional on an aid project being present in the region.
Β11Yeart are year fixed effects that capture shocks common across countries in a given year, such
as global economic changes or international political tension, and Β12Countryc captures time
invariant cross‐country differences, such as colonial origin or culture.h
In addition to examining sector‐level aid flows, this study also investigates the purpose of
aid flows for the health sector. In order to categorize the health aid flows by specific purpose I
used the AidData coding scheme, which is an extension of the widely used OECD Creditor
Reporting System (CRS) purpose codes to assign a purpose to each project. Table 2 provides
summary statistics by Chinese health aid purpose in Africa. As previously discussed, the final
analytic data set (n=8,928) is a region year panel designed to define the years a political leader is
in power. In this data, there are 335 Chinese health aid projects in the health sector. Health
infrastructure aid includes projects directed toward construction or providing basic medical
equipment to hospitals, clinics, and dispensaries, such as a USD$500 million project to renovate
parts of Korle‐Bu Teaching Hospital in Accra, Ghana. Basic health care aid includes projects
directed toward primary health care programs and the supply of physicians, such as a
USD$88,000 commitment to provide physicians working in two‐year terms and based in Jinja,
Uganda. Basic drinking water supply and basic sanitation includes projects designated to
rehabilitate and extend the water supply, such as a USD$352,714 grant to Tanzania to construct

h

Β11Yeart is a vector of 11 yearly dummies and Β12Countryc is a vector of 48 country dummies. Each of those
dummies has a coefficient. Following economics convention, I’m representing it in my model as a fixed effect.
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598 water schemes (boreholes) for 19 states in Nigeria. Large‐system water supply and sanitation
includes construction of water supplying systems and water treatment plants, such as a
USD$3,970,000 project in Sudan to build the Wad Madani water treatment plant. Infectious and
parasitic disease control aid includes prevention and control activities directed toward infectious
diseases (for example, malaria), such as a USD$162,365 for malaria medication in Mali.
Table 2: Summary Statistics Chinese Aid to the Health Sector (N=335; 2000–2011)
HEALTH AID PURPOSE
OBSERVATIONS
Health infrastructure
118
Health care
66
Basic drinking water supply and basic sanitation
62
Water supply and sanitation (large systems)
35
Infectious and parasitic disease control
28
Waste management/disposal
10
Water supply and sanitation (activity unspecified)
5
Water resources protection
5
Population programs and reproductive health (general)
4
Medical services
1
Medical education/training
1

%
35.22
19.70
18.51
10.45
8.36
2.99
1.49
1.49
1.19
0.30
0.30

*Note: Purpose codes that are italicized were not estimated due to a small number of projects in
the data set

I then repeated the previously defined empirical approach using a two‐part model where
the first part of the two‐part model estimates the probability that a region receives a health aid
project and the outcome is either health infrastructure, health care, basic drinking water supply
and basic sanitation, water supply and sanitation, or infectious disease and parasitic disease
control (=1 if there is a health aid project and 0 if no health aid project is present), specified as a
probit regression (Equation 1). The remaining six purpose codes, those italicized in Table 2, were
not estimated due to a small number of projects in the data set. The second part is a log
transformed ordinary least squares regression of how much health aid was received, conditional
on a health aid project being present (Equation 2).
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RESULTS
Summary Statistics
Table 3 provides summary statistics at the ADM1 level. The average amount of total aid
was US$7.4 million in development finance per year. On average, 10% of regions have an aid
project from 2000 to 2011 (Map 1) and 6.7% of region‐years are coded as being the respective
birth leader’s birth region.
Map 1: Chinese aid projects per subnational unit in Africa (ADM1, total number of projects, 2000–
2011)

The mean nighttime light intensity, which is an indicator of economic activity, was 3.8 on
a scale of 1 to 63 and a majority (63%) of regions were anocracies, representing countries that
are neither fully democratic nor fully autocratic.89
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Table 3: Summary Statistics (2000‐2011; n=8,928)
VARIABLE

PERCENT

MEAN

SD

MIN

MAX

Dependent Variables
Chinese aid
total
agriculture
communication
education
emergency
energy
government
health
industry
multisector
social
transportation

9.90
0.57
1.37
1.23
0.54
1.13
1.12
2.50
0.49
0.41
1.02
1.76

$7.4m
$88.6m
$216,554
$10.2m
$220,562
$7.3m
$35,290
$1.2m
$2,973 $104,000
$1.7m
$36.3m
$165,236
$4.1m
$369,271
$12.6m
$479,913
$16.6m
$1.6m
$63m
$187,849
$3.8m
$2.1m
$41.3m

$0
$0
$0
$0
$0
$0
$0
$0
$0
$0
$0
$0

$5.2b
$700m
$606m
$91m
$8.7m
$2.3m
$269m
$776m
$1b
$5.2b
$232m
$1.8b

4.29
0
0
8, 136
0

639,420
51
61.086
23.8m
8.3

Independent Variables
Area (square kilometers)
Mines (count)
Nighttime Lights (0–63 scale)
Population 2000 (count)
Road Density (km of road per 100 sq km of land)

37,941
1.15
3.8
1
0.173

71,444
3.58
9.68
1.6m
0.356

Independent Variables
Birth Region
Capital Region
Oil or Gas
Ports

6.7
6.8
16.9
10.6

Autocracy
Anocracy
Democracy

18.2
67.3
14.5

Polity

Note: m=million and b=billion

Adjusted associations between African leaders’ birth region and Chinese Aid flows
The results are organized as follows, I will first present evidence on the adjusted
association between the probability a region receives any Chinese aid and birth region, followed
by sector specific analyses. Next, I present results of associations between the amount of aid,
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conditional on receiving aid, and birth region. Finally, I describe the adjusted association
between birth region and the purpose of health aid, using aid to the health sector as an example.
In the analysis of purpose of health aid there were not enough observations to estimate equation
2; associations between amount of health aid conditional on receiving aid, and birth region.
Therefore, only equation 1 results are presented.
Adjusted Association between Birth Region and Receipt of Chinese Aid
The results from the probit regressions for any aid and by sector are presented in columns
1–6 of Table 4A and columns 7–12 of Table 4B as average marginal effects.i Starting with the
results for the primary coefficient of interest, birth region of the current political leader appears
to have a positive relationship with the probability of having an aid project by about thirteen
percentage points (95% CI ‐0.035 to 0.309), but these results are not statistically significant. At
the sector level, the results suggest that the birth region of the current political leader is
associated with an increased probability of placement of emergency (75 PPj; 95% CI: 0.178 to
1.329) and energy (32 PP; 95% CI: 0.053 to 0.594) aid and decreases the probability of
communication aid (31 PP; 95% CI ‐0.302‐0.215). No significant association was found between
the probability of aid placement and the birth region of the current political leader in the health,
education, transportation, agriculture, government, industry, multisector, or social sectors.
Taken together these results imply that there is limited preferencing of Chinese aid at a sector
level.

i
j

Coefficients for fixed effects are included in appendix A
PP is an abbreviation for percentage points
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Turning to the results for the control variables, the probability of aid increases in regions
with the capital city (94 PP; 95% CI 0.739 to 1.135) and increases with economic activity proxied
using nighttime lights (12 PP; 95% CI 0.083 to 0.157). Interestingly, anocratic and democratic
governments were associated with a decreased probability of aid than autocratic governments
(228 PP; 95% CI: ‐2.797 to ‐1.760 and 176 PP; 95% CI:‐2.346 to ‐1.205 respectively). In addition,
the availability of oil was associated with a decreased probability of aid (14 PP; 95% CI:‐0.298 to
0.023), while the availability of mines, ports, and road density are not statistically significant.
At the sector level, the pattern of increasing aid with a capital city and economic activity
exists in majority of the sectors (communication, health, education, transportation, energy, and
government). The availability of economic resources in the form of ports was significantly
associated with an increased probability of communication, education, and multisector aid.
While a negative relationship between aid and oil exists across the communications, government,
and multisector sectors. This finding is consistent with recent work concluding that aid is not oil,
meaning foreign aid does not operate in a similar manner to oil revenue.50 The location of mines
was associated with an increased probability of government and industry aid and decreased
probability of multisector aid. While road density was associated with a decreased probability of
transportation and emergency aid and less agriculture aid. Taken together these findings
illustrate the point that all aid is not equal and support the need to disaggregate aid when
examining allocation effectiveness. It supports a need to understand both driving force and
nuances of aid by sector.
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4A: Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit Model, 2000–2011
(1)
(2)
(3)
(4)
(5)
ALL
COMMUNICATION
HEALTH
EDUCATION
TRANSPORTATION
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Birth region
Capital region
Nighttime lights
Population
Area
Ports
Oil
Mines
Road Density

(6)
AGRICULTURE
dy/dx (95% CI)

0.137
(‐0.035 ‐ 0.309)
0.937***
(0.739 ‐ 1.135)
0.120***
(0.083 ‐ 0.157)
0.000***
(0.000 ‐ 0.000)
0.000*
(‐0.000 ‐ 0.000)
0.083
(‐0.088 ‐ 0.254)
‐0.137*
(‐0.298 ‐ 0.023)
0.049
(‐0.039 ‐ 0.138)
0.033
(‐0.017 ‐ 0.084)

‐0.308*
(‐0.639 ‐ 0.022)
0.742***
(0.399 ‐ 1.086)
0.050*
(‐0.003 ‐ 0.102)
0.000
(‐0.000 ‐ 0.000)
0.000***
(0.000 ‐ 0.000)
0.219*
(‐0.033 ‐ 0.471)
‐0.535**
(‐1.063 ‐ ‐0.006)
‐0.029
(‐0.133 ‐ 0.076)
‐0.029
(‐0.095 ‐ 0.038)

‐0.044
(‐0.302 ‐ 0.215)
0.762***
(0.490 ‐ 1.034)
0.114***
(0.056 ‐ 0.173)
0.000*
(‐0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
‐0.015
(‐0.260 ‐ 0.229)
0.021
(‐0.198 ‐ 0.241)
‐0.010
(‐0.126 ‐ 0.105)
0.036
(‐0.049 ‐ 0.122)

0.197
(‐0.105 ‐ 0.498)
0.857***
(0.576 ‐ 1.139)
0.089***
(0.022 ‐ 0.155)
0.000**
(0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
0.274*
(‐0.021 ‐ 0.570)
‐0.281
(‐0.677 ‐ 0.115)
0.065
(‐0.091 ‐ 0.221)
0.117
(‐0.132 ‐ 0.365)

0.129
(‐0.096 ‐ 0.354)
0.519***
(0.243 ‐ 0.795)
0.108***
(0.052 ‐ 0.165)
0.000*
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
‐0.004
(‐0.261 ‐ 0.252)
‐0.194
(‐0.448 ‐ 0.060)
0.031
(‐0.096 ‐ 0.158)
0.178***
(0.074 ‐ 0.283)

‐0.092
(‐0.615 ‐ 0.430)
0.493
(‐0.095 ‐ 1.080)
0.144**
(0.018 ‐ 0.271)
0.000**
(0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
‐0.382
(‐0.980 ‐ 0.217)
0.223
(‐0.339 ‐ 0.784)
‐0.030
(‐0.309 ‐ 0.249)
‐0.184**
(‐0.346 ‐ ‐0.022)

‐2.279***
(‐2.797 ‐ ‐1.760)
‐1.775***
(‐2.346 ‐ ‐1.205)
‐1.307***
(‐1.692 ‐ ‐0.921)

0.368
(‐0.293 ‐ 1.029)
‐0.406
(‐1.211 ‐ 0.398)
‐3.022***
(‐3.943 ‐ ‐2.101)

‐1.805***
(‐2.580 ‐ ‐1.031)
‐0.956***
(‐1.560 ‐ ‐0.352)
‐1.957***
(‐2.378 ‐ ‐1.536)

0.064
(‐0.607 ‐ 0.734)
‐1.296***
(‐2.038 ‐ ‐0.555)
‐2.623***
(‐3.308 ‐ ‐1.937)

‐0.147
(‐0.579 ‐ 0.285)
‐1.568***
(‐2.412 ‐ ‐0.725)
‐2.100***
(‐2.561 ‐ ‐1.639)

0.814
(‐0.270 ‐ 1.897)
0.130
(‐0.920 ‐ 1.180)
‐4.010***
(‐5.178 ‐ ‐2.842)

Polity
Anocracy
Democracy
Constant
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4A: Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit Model, 2000–2011
(1)
(2)
(3)
(4)
(5)
ALL
COMMUNICATION
HEALTH
EDUCATION
TRANSPORTATION
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Country FE
YES
YES
YES
YES
YES
Year FE
YES
YES
YES
YES
YES
Observations
8,388
4,452
6,756
5,964
6,336

(6)
AGRICULTURE
dy/dx (95% CI)
YES
YES
3,355

*** p<0.01, ** p<0.05, * p<0.1
Note: dy/dx is the difference in the predicted probability of aid when the independent variable increases by 1
Reference includes: Autocracy, 2000, and Algeria
Observation loss is due to perfect prediction; this is further discussed in the limitations

Table 4B: Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit Model, 2000–2011
(7)
(8)
(9)
(10)
(11)
EMERGENCY
ENERGY
GOVERNMENT
INDUSTRY
MULTISECTOR
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Birth region
Capital region
Nighttime lights
Population
Area
Ports

0.753**
(0.178 ‐ 1.329)
0.495
(‐0.454 ‐ 1.444)
‐0.042
(‐0.211 ‐ 0.127)
0.000***
(0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
0.544
(‐0.133 ‐ 1.221)

0.323**
(0.053 ‐ 0.594)
0.376**
(0.040 ‐ 0.712)
0.063*
(‐0.003 ‐ 0.128)
0.000***
(0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
0.221
(‐0.056 ‐ 0.499)

‐0.015
(‐0.359 ‐ 0.330)
1.731***
(1.373 ‐ 2.090)
0.175***
(0.083 ‐ 0.267)
‐0.000**
(‐0.000 ‐ ‐0.000)
‐0.000
(‐0.000 ‐ 0.000)
0.006
(‐0.252 ‐ 0.264)
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‐0.203
(‐0.864 ‐ 0.458)
0.022
(‐0.611 ‐ 0.654)
0.096**
(0.021 ‐ 0.171)
0.000
(‐0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
‐0.101
(‐0.593 ‐ 0.391)

0.251
(‐0.110 ‐ 0.611)
0.309
(‐0.149 ‐ 0.767)
0.164***
(0.080 ‐ 0.247)
0.000*
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
0.389*
(‐0.011 ‐ 0.789)

(12)
SOCIAL
dy/dx (95% CI)
0.277
(‐0.379 ‐ 0.933)
0.920
(‐6.022 ‐ 7.861)
0.089***
(0.035 ‐ 0.144)
0.000
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
0.016
(‐3.144 ‐ 3.177)

Table 4B: Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit Model, 2000–2011
(7)
(8)
(9)
(10)
(11)
EMERGENCY
ENERGY
GOVERNMENT
INDUSTRY
MULTISECTOR
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Oil
‐0.055
0.152
‐0.541**
‐0.114
‐0.504**
(‐0.659 ‐ 0.549)
(‐0.151 ‐ 0.455) (‐0.979 ‐ ‐0.102) (‐1.125 ‐ 0.897) (‐0.986 ‐ ‐0.023)
Mines
‐0.280
‐0.011
0.183*
0.168*
‐0.156*
(‐0.696 ‐ 0.135)
(‐0.140 ‐ 0.118)
(‐0.032 ‐ 0.399)
(‐0.019 ‐ 0.355)
(‐0.337 ‐ 0.024)
Road Density
2.221*
‐0.140
‐0.017
‐0.320
‐0.228
(‐0.388 ‐ 4.831)
(‐0.790 ‐ 0.510)
(‐0.112 ‐ 0.078)
(‐1.328 ‐ 0.687)
(‐0.902 ‐ 0.447)
Polity
Anocracy
‐1.622***
‐0.477*
0.748**
‐0.566
‐0.865***
(‐2.698 ‐ ‐0.546) (‐1.018 ‐ 0.064)
(0.091 ‐ 1.405)
(‐3.504 ‐ 2.372) (‐1.469 ‐ ‐0.261)
Democracy
‐2.599***
‐0.877***
‐0.741
0.140
‐0.477
(‐4.130 ‐ ‐1.067) (‐1.525 ‐ ‐0.230) (‐1.877 ‐ 0.395)
(‐1.498 ‐ 1.778)
(‐1.253 ‐ 0.299)
Constant
‐2.842***
‐1.588***
‐3.510***
‐3.183
‐2.174***
(‐4.200 ‐ ‐1.485) (‐2.058 ‐ ‐1.119) (‐4.594 ‐ ‐2.426) (‐3.183 ‐ ‐3.183) (‐2.815 ‐ ‐1.532)
Country FE
YES
YES
YES
YES
YES
Year FE
YES
YES
YES
YES
YES
Observations
2,920
4,510
4,992
4,392
2,630
*** p<0.01, ** p<0.05, * p<0.1
Note: dy/dx is the difference in the predicted probability of aid when the independent variable increases by 1
Reference includes: Autocracy, 2000, and Algeria
Observation loss is due to perfect prediction; this is further discussed in the limitations
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(12)
SOCIAL
dy/dx (95% CI)
‐0.202
(‐2.221 ‐ 1.817)
0.077
(‐0.084 ‐ 0.239)
0.211
(‐0.521 ‐ 0.944)
‐0.584
(‐3.807 ‐ 2.639)
‐0.699
(‐1.711 ‐ 0.312)
‐3.238
(‐11.152 ‐ 4.676)
YES
YES
6,072

Conditional Adjusted Association between Birth Region and Amount of Chinese Aid Received
Beginning with the all aid category and the primary variable of interest, birth region,
results show that larger aid amounts go to the birth region of the political leader, conditional on
receiving any aid (see Tables 5A and 5B). Specifically, all aid flows are 538% (exp(1.853)‐1 =
5.37*100) higher in the birth region of the current political leader (0.532 to 3.175). Additionally,
we expect about a 3% increase in aid flows when economic activity, proxied by nighttime lights,
increases by 10% (95% CI: 0.039 to 0.634). While the availability of mines, ports, oil, and road
density is not statistically significant.
At the sector level, the results for birth region suggest that larger amounts of education
aid, 23741% (exp(5.474)‐1=237.411*100) (95% CI: 0.937 to 10.011) and smaller amounts of
health aid, 97% (exp(‐3.735)‐1=‐0.976 go to the birth region of the current political leader (95%
CI:‐6.089 to ‐1.381). However, the confidence intervals are large, indicating a high level of
uncertainty in the estimates. In order to make this information useful, additional information—
specifically more projects—is needed. No significant association was found between aid flows to
the birth region of the current political leader in the transportation, agriculture, emergency,
energy, government, or social sectors. Due to a small number of projects the communications
and multisector aid types were excluded from the second part of the model.
Results for other covariates were not consistent across sectors, which supports the need
to examine these aid flows by sector instead of at an aggregate level. For example, economic
activity, proxied by nighttime lights, was associated with more aid for the transportation sector
(OLS 0.943; 95% CI 0.115 to 0.1.775), but not in the remaining sectors. Population was not
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significantly associated with sector‐specific aid flows except in the agriculture sector. The
availability of ports, like in the all‐aid model, were not statistically associated with sector‐specific
aid except in the emergency sector (β ‐1.282; 95% CI: ‐2.061—0.504) in which there was a
negative association and the coefficient for mining facilities was only significant in the agriculture
sector (β 3.286; 955 CI: 0.425 to 6.146). Oil resources in the region were inversely and significantly
associated with aid flows in the agriculture sector (β ‐10.258; 95% CI: ‐20.475 to ‐0.042).
Indicating that aid in the agriculture sectors decreased in areas that contain an oil field. Higher
road density was not statistically associated with sector‐specific aid flows. Interestingly, countries
with either anocratic (β ‐20.194; 95% CI ‐27.252 to ‐13.137) or democratic governments
(β‐14.107; 95% CI ‐20.753 to ‐7.461) were associated with less aid than autocratic governments.
This finding was consistent in the education sectors.
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Table 5A: Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a Region, Conditional on Receiving Any
Aid, 2000–2011
(1)
(2)
(3)
(4)
(5)
(6)
ALL
HEALTH
EDUCATION
TRANSPORTATION
AGRICULTURE
EMERGENCY
VARIABLES
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
Birth region
Capital region
Nighttime lights
Population
Area
Ports
Oil
Mines
Road Density

1.853***
(0.532 ‐ 3.175)
1.149
(‐0.290 ‐ 2.588)
0.336**
(0.039 ‐ 0.634)
‐0.000
(‐0.000 ‐ 0.000)
0.000**
(0.000 ‐ 0.000)
0.907
(‐0.691 ‐ 2.505)
‐0.529
(‐2.627 ‐ 1.570)
0.034
(‐0.532 ‐ 0.600)
0.287
(‐0.177 ‐ 0.751)

‐3.735***
(‐6.089 ‐ ‐1.381)
2.021
(‐0.455 ‐ 4.496)
0.356
(‐0.342 ‐ 1.053)
‐0.000
(‐0.000 ‐ 0.000)
0.000**
(0.000 ‐ 0.000)
‐1.118
(‐3.656 ‐ 1.420)
0.164
(‐1.947 ‐ 2.276)
‐0.298
(‐1.406 ‐ 0.810)
‐0.063
(‐0.832 ‐ 0.706)

5.474**
(0.937 ‐ 10.011)
1.844
(‐2.842 ‐ 6.530)
‐0.631
(‐1.573 ‐ 0.311)
‐0.000
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
‐0.024
(‐5.789 ‐ 5.741)
‐0.869
(‐5.217 ‐ 3.478)
0.555
(‐1.378 ‐ 2.488)
1.010
(‐3.146 ‐ 5.166)

‐1.507
(‐5.198 ‐ 2.184)
‐1.023
(‐5.281 ‐ 3.235)
0.945**
(0.115 ‐ 1.775)
‐0.000
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
2.111
(‐1.188 ‐ 5.411)
‐2.689
(‐8.215 ‐ 2.836)
‐0.205
(‐2.275 ‐ 1.866)
‐1.161
(‐6.351 ‐ 4.029)

2.610
(‐4.214 ‐ 9.434)
12.641
(‐9.025 ‐ 34.307)
‐2.993
(‐7.956 ‐ 1.971)
0.000**
(0.000 ‐ 0.000)
‐0.000*
(‐0.000 ‐ 0.000)
6.586
(‐2.086 ‐ 15.258)
‐10.258**
(‐20.475 ‐ ‐0.042)
3.286**
(0.425 ‐ 6.146)
6.094
(‐20.510 ‐ 32.698)

‐0.002
(‐3.445 ‐ 3.441)
‐1.532
(‐4.015 ‐ 0.952)
0.328
(‐0.549 ‐ 1.205)
‐0.000
(‐0.000 ‐ 0.000)
0.000***
(0.000 ‐ 0.000)
‐1.282***
(‐2.061 ‐ ‐0.504)
‐0.125
(‐1.172 ‐ 0.922)
‐0.696
(‐2.411 ‐ 1.018)
2.315
(‐6.774 ‐ 11.403)

1.121
(‐5.744 ‐ 7.986)
‐3.942
(‐9.209 ‐ 1.326)
9.980***
(5.906 ‐ 14.054)

‐20.194***
(‐27.252 ‐ ‐13.137)
‐14.107***
(‐20.753 ‐ ‐7.461)
27.548***
(21.672 ‐ 33.424)

‐17.438***
(‐27.157 ‐ ‐7.719)
‐10.880**
(‐21.237 ‐ ‐0.524)
15.465***
(5.697 ‐ 25.233)

7.864
(‐35.769 ‐ 51.497)
2.201
(‐7.872 ‐ 12.274)
20.630***
(13.471 ‐ 27.789)

‐198.812**
(‐356.527 ‐ ‐41.098)

6.050
(‐4.224 ‐ 16.324)

‐24.919**
(‐45.348 ‐ ‐4.490)

17.974**
(3.825 ‐ 32.123)

Polity
Anocracy
Democracy
Constant
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Table 5A: Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a Region, Conditional on Receiving Any
Aid, 2000–2011
(1)
(2)
(3)
(4)
(5)
(6)
ALL
HEALTH
EDUCATION
TRANSPORTATION
AGRICULTURE
EMERGENCY
VARIABLES
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
Country FE
YES
YES
YES
YES
YES
YES
Year FE
YES
YES
YES
YES
YES
YES
Observations
884
223
110
157
51
48
*** p<0.01, ** p<0.05, * p<0.1
Reference includes: Autocracy, 2000, and Algeria
This model was fit using a conditional log OLS
Note: Communications and Multisector excluded due to insufficient sample size

Table 5B: Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a Region, Conditional on Receiving Any
Aid, 2000–2011
(7)
(8)
(9)
(10)
ENERGY
GOVERNMENT
INDUSTRY
SOCIAL
VARIABLES
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
Birth region
Capital region
Nighttime lights
Population
Area
Ports

2.415
(‐2.504 ‐ 7.333)
‐4.076
(‐10.460 ‐ 2.308)
1.101
(‐0.409 ‐ 2.612)
0.000
(‐0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
3.164

8.571
(‐2.238 ‐ 19.380)
‐5.633
(‐12.821 ‐ 1.556)
3.144
(‐0.668 ‐ 6.956)
‐0.000
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
4.249
45

17.982
(‐62.248 ‐ 98.213)
7.532
(‐24.660 ‐ 39.724)
1.252
(‐9.723 ‐ 12.227)
0.000
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
4.874

2.540
(‐2.173 ‐ 7.253)
0.524
(‐2.309 ‐ 3.356)
‐0.515
(‐1.797 ‐ 0.766)
‐0.000
(‐0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
3.326

Table 5B: Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a Region, Conditional on Receiving Any
Aid, 2000–2011
(7)
(8)
(9)
(10)
ENERGY
GOVERNMENT
INDUSTRY
SOCIAL
VARIABLES
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
OLS (95% CI)
(‐1.292 ‐ 7.621)
(‐9.718 ‐ 18.215)
(‐21.995 ‐ 31.743)
(‐1.219 ‐ 7.870)
Oil
3.105
‐0.906
‐7.905
0.454
(‐3.712 ‐ 9.922)
(‐18.682 ‐ 16.871)
(‐50.271 ‐ 34.461)
(‐4.127 ‐ 5.036)
Mines
0.279
1.644
‐6.948
0.661
(‐1.843 ‐ 2.402)
(‐1.905 ‐ 5.194)
(‐29.013 ‐ 15.118)
(‐0.741 ‐ 2.063)
Road Density
‐1.474
‐7.161
‐26.355
4.821
(‐7.840 ‐ 4.891)
(‐31.521 ‐ 17.199)
(‐241.965 ‐ 189.254)
(‐9.109 ‐ 18.752)
Polity
Anocracy
10.252
40.852
‐10.916
11.952***
(‐5.873 ‐ 26.378)
(‐150.994 ‐ 232.698)
(‐27.629 ‐ 5.796)
(4.882 ‐ 19.022)
Democracy
21.053***
‐33.329***
23.095
‐6.661
(6.494 ‐ 35.612)
(‐56.368 ‐ ‐10.290)
(‐61.988 ‐ 108.179)
(‐17.511 ‐ 4.189)
Constant
14.108**
25.283**
16.204
15.525***
(2.537 ‐ 25.678)
(0.302 ‐ 50.263)
(‐20.409 ‐ 52.817)
(5.429 ‐ 25.620)
Country FE
YES
YES
YES
YES
Year FE
YES
YES
YES
YES
Observations
101
100
44
91
*** p<0.01, ** p<0.05, * p<0.1
Reference includes: Autocracy, 2000, and Algeria
This model was fit using a conditional log OLS
Note: Communications and Multisector excluded due to insufficient sample size
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Adjusted Association between Birth Region and Receipt of Chinese Aid by Health Purpose
Examining aggregate values of aid to each sector (i.e. health, education, communication,
transportation) may obscure variation in the role of political preferencing in aid allocated for
different purposes within a sector. To address this, health aid is used as an example, and the
allocation to health is disaggregated into aid flowing to one of five types of health projects. The
results from Table 6 suggests that, for example, the birth region of the current political leader
increases the probability of having a basic water and sanitation project by about 41 percentage
points (AMEk 0.411; 95% CI: ‐0.053 to 0.874). However, it decreases the probability of large
system water supply by 76 percentage points (AME ‐0.766; 95% CI ‐1.574 to 0.041). This
relationship is not surprising given that large system water supply projects such as desalination
plants; intakes storage, treatment and pumping stations provide water and sanitation to a
community through a network. Whereas basic water and sanitation projects are generally shared
between several households and include low‐cost technologies, such as hand pumps, spring
catchments, rain water collection, and storage tanks.95 I argue that this inverse relationship
highlights discretionary usage of water and sanitation aid. Politicians might have the ability to
more easily influence the distribution of small water projects as compared to larger water
projects.96
Turning to other covariates, the probability of having health care, health infrastructure,
or infectious disease projects significantly increases in capital regions. Again, this result is not
surprising given that wealthier people are living in the capital in which these resource transfers

k

AME is an abbreviation for Average Marginal Effects
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are directed.67 It is likely that more trained healthcare professionals are located in the capital
regions, and therefore we see the transfer of aid to these locations. Economic activity, proxied
with nighttime lights increases the probability of health infrastructure by 17 percentage points
(AME 0.165; 95% CI: 0.085 to 0.245), but decreases the probability of infectious disease aid by
90.2 percentage points (AME ‐0.902; 95% CI: ‐1.651 to ‐0.154). Taken together, these results
continue to highlight the nuances associated with types of aid and continue to reiterate the need
to examine aid at disaggregated levels.
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Table 6: Marginal Effects for the Probability of an African Region Receiving Chinese Aid by Purpose, Using a Probit Model, 2000–
2011
(1)
(2)
(3)
(4)
(5)
HEALTH CARE
HEALTH
INFECTIOUS
BASIC WATER AND
LARGE SYSTEM
INFRASTRUCTURE
DISEASE
SANITATION
WATER SUPPLY
VARIABLES

dy/dx (95% CI)

dy/dx (95% CI)

dy/dx (95% CI)

dy/dx (95% CI)

dy/dx (95% CI)

Birth region

‐0.203
(‐0.683 ‐ 0.277)
0.529*
(‐0.021 ‐ 1.078)
0.095
(‐0.023 ‐ 0.212)
0.000***
(0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
‐0.246
(‐0.741 ‐ 0.249)
‐0.075
(‐0.596 ‐ 0.446)
‐0.056
(‐0.267 ‐ 0.155)
0.016
(‐0.129 ‐ 0.161)

‐0.089
(‐0.407 ‐ 0.229)
0.600***
(0.236 ‐ 0.964)
0.165***
(0.085 ‐ 0.245)
‐0.000
(‐0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
0.029
(‐0.290 ‐ 0.348)
‐0.059
(‐0.386 ‐ 0.267)
‐0.056
(‐0.189 ‐ 0.078)
‐0.559*
(‐1.126 ‐ 0.008)

‐0.626
(‐1.576 ‐ 0.324)
7.926***
(3.113 ‐ 12.740)
‐0.902**
(‐1.651 ‐ ‐0.154)
0.000***
(0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
0.996***
(0.319 ‐ 1.673)
0.355
(‐0.242 ‐ 0.953)
‐1.354***
(‐2.303 ‐ ‐0.405)
3.398*
(‐0.142 ‐ 6.938)

0.411*
(‐0.053 ‐ 0.874)
0.293
(‐0.290 ‐ 0.876)
0.018
(‐0.095 ‐ 0.130)
0.000
(‐0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
‐0.087
(‐0.631 ‐ 0.457)
‐0.019
(‐0.401 ‐ 0.362)
‐0.029
(‐0.229 ‐ 0.171)
‐0.509
(‐1.964 ‐ 0.947)

‐0.766*
(‐1.574 ‐ 0.041)
0.361
(‐0.450 ‐ 1.173)
0.025
(‐0.112 ‐ 0.161)
0.000
(‐0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
0.363
(‐0.357 ‐ 1.082)
0.148
(‐0.406 ‐ 0.701)
‐0.288
(‐0.731 ‐ 0.154)
1.812
(‐1.546 ‐ 5.170)

0.059
(‐1.227 ‐ 1.346)
0.514
(‐0.430 ‐ 1.457)

0.082
(‐0.570 ‐ 0.734)
‐0.715**
(‐1.366 ‐ ‐0.063)

‐1.492
(‐3.467 ‐ 0.484)
‐5.341***
(‐8.766 ‐ ‐1.916)

‐0.155
(‐0.920 ‐ 0.610)
‐0.233
(‐0.910 ‐ 0.444)

0.537
(‐0.228 ‐ 1.302)

Capital region
Nighttime lights
Population
Area
Ports
Oil
Mines
Road Density
Polity
Anocracy
Democracy
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Table 6: Marginal Effects for the Probability of an African Region Receiving Chinese Aid by Purpose, Using a Probit Model, 2000–
2011
(1)
(2)
(3)
(4)
(5)
HEALTH CARE
HEALTH
INFECTIOUS
BASIC WATER AND
LARGE SYSTEM
INFRASTRUCTURE
DISEASE
SANITATION
WATER SUPPLY
VARIABLES
Constant

Observations

dy/dx (95% CI)
‐3.375***
(‐4.612 ‐ ‐2.138)

dy/dx (95% CI)
‐2.632***
(‐3.471 ‐ ‐1.792)

dy/dx (95% CI)
‐7.327***
(‐10.348 ‐ ‐4.307)

dy/dx (95% CI)
‐1.651***
(‐2.316 ‐ ‐0.986)

dy/dx (95% CI)
‐2.557***
(‐3.683 ‐ ‐1.431)

3,070

5,340

2,002

1,854

954

*** p<0.01, ** p<0.05, * p<0.1
Note: dy/dx is the difference in the predicted probability of aid when the independent variable increases by 1
Reference includes: Autocracy, 2000, and Algeria
Observation loss is due to perfect prediction; this is further discussed in the limitations
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SENSITIVITY ANALYSIS
Sensitivity to Additional Specifications
The sensitivity of the main specification (Equation one) was tested using three alternative
models. First, instead of modelling aid as a binary outcome I considered a conventional Poisson
regression for the number of aid projects (Tables 7A and 7B). The estimated incident‐rate ratio
for the primary coefficient of interest, birth region of the current political leader was 1.54,
implying a 54% increase in the number of aid projects between 2000‐2011 (IRR 1.564; 95% CI
1.371 to 1.783). This positive association between birth region and counts of aid projects is
consistent in the health, education, agriculture, emergency, energy, government, multisector,
and social sectors.
Table 7A: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
(6)
ALL
COMMUNICATION
HEALTH
EDUCATION TRANSPORTATION AGRICULTURE
VARIABLES
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
Birth region

1.564***
(1.371 ‐ 1.783)
Capital region
6.443***
(5.641 ‐ 7.360)
Nighttime lights
1.021
(0.994 ‐ 1.050)
Population
1.008***
(1.006 ‐ 1.010)
Area
1.000***
(1.000 ‐ 1.000)
Ports
0.984
(0.856 ‐ 1.131)
Oil
0.437***
(0.366 ‐ 0.523)
Mines
1.271***
(1.194 ‐ 1.353)
Road density
1.000
(0.941 ‐ 1.062)
Polity
Anocracy 1.563***

0.752
(0.441 ‐ 1.282)
4.118***
(2.618 ‐ 6.478)
0.892***
(0.828 ‐ 0.961)
1.002
(0.997 ‐ 1.008)
1.000**
(1.000 ‐ 1.000)
2.087***
(1.433 ‐ 3.040)
0.080***
(0.029 ‐ 0.216)
1.099
(0.907 ‐ 1.331)
0.532*
(0.275 ‐ 1.031)

1.576***
(1.152 ‐ 2.157)
8.626***
(6.293 ‐ 11.824)
0.977
(0.916 ‐ 1.042)
1.006**
(1.001 ‐ 1.011)
1.000
(1.000 ‐ 1.000)
1.047
(0.760 ‐ 1.442)
0.947
(0.678 ‐ 1.323)
1.183**
(1.003 ‐ 1.396)
1.023
(0.899 ‐ 1.164)

2.125***
(1.418 ‐ 3.184)
7.844***
(5.008 ‐ 12.288)
1.078
(0.976 ‐ 1.190)
1.010***
(1.003 ‐ 1.016)
1.000
(1.000 ‐ 1.000)
1.068
(0.675 ‐ 1.690)
0.202***
(0.081 ‐ 0.500)
1.257**
(1.012 ‐ 1.561)
1.003
(0.838 ‐ 1.200)

0.992
(0.706 ‐ 1.395)
4.323***
(3.221 ‐ 5.803)
1.117***
(1.052 ‐ 1.186)
1.008***
(1.004 ‐ 1.011)
1.000
(1.000 ‐ 1.000)
0.567***
(0.392 ‐ 0.821)
0.254***
(0.158 ‐ 0.409)
1.488***
(1.304 ‐ 1.697)
1.081
(0.957 ‐ 1.221)

1.878*
(0.952 ‐ 3.702)
6.310***
(2.898 ‐ 13.736)
0.835**
(0.718 ‐ 0.970)
1.014**
(1.003 ‐ 1.025)
1.000**
(1.000 ‐ 1.000)
0.492
(0.181 ‐ 1.338)
0.474
(0.168 ‐ 1.336)
1.734***
(1.251 ‐ 2.402)
1.165
(0.875 ‐ 1.551)

12.235***

1.705***

1.759**

1.135

4.984***
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Table 7A: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model, 2000‐2011
(1.363 ‐ 1.793) (5.027 ‐ 29.783) (1.224 ‐ 2.374) (1.043 ‐ 2.966)
(0.864 ‐ 1.491)
Democracy 0.715***
2.126
0.623*
1.567
0.296***
(0.591 ‐ 0.866) (0.746 ‐ 6.060)
(0.377 ‐ 1.030) (0.842 ‐ 2.915)
(0.187 ‐ 0.471)
Constant
0.092***
0.003***
0.014***
0.006***
0.030***
(0.080 ‐ 0.106) (0.001 ‐ 0.007)
(0.010 ‐ 0.020) (0.003 ‐ 0.010)
(0.023 ‐ 0.040)
Observations
8,928
8,928
8,928
8,928
8,928
*** p<0.01, ** p<0.05, * p<0.1
Reference includes: Autocracy

(1.547 ‐ 16.054)
0.229
(0.023 ‐ 2.256)
0.001***
(0.000 ‐ 0.004)
8,928

Table 7B: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model, 2000‐2011
(7)
(8)
(9)
(10)
(11)
EMERGENCY
ENERGY
GOVERNMENT
INDUSTRY
MULTISECTOR
VARIABLES
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
Birth region

(12)
SOCIAL
IRR(95% CI)

2.131*
(0.937 ‐ 4.848)
2.355*
(0.852 ‐ 6.511)
0.878*
(0.754 ‐ 1.021)
1.019***
(1.012 ‐ 1.026)
1.000**
(1.000 ‐ 1.000)
1.151
(0.433 ‐ 3.057)
0.789
(0.362 ‐ 1.723)
0.544**
(0.322 ‐ 0.919)
1.005
(0.382 ‐ 2.646)

2.378***
(1.535 ‐ 3.684)
3.173***
(1.885 ‐ 5.343)
0.997
(0.909 ‐ 1.094)
1.014***
(1.010 ‐ 1.018)
1.000***
(1.000 ‐ 1.000)
1.261
(0.765 ‐ 2.081)
0.519**
(0.304 ‐ 0.886)
0.984
(0.776 ‐ 1.249)
0.959
(0.683 ‐ 1.346)

2.515***
(1.694 ‐ 3.734)
24.773***
(15.059 ‐ 40.754)
1.150**
(1.022 ‐ 1.295)
0.975***
(0.961 ‐ 0.988)
1.000
(1.000 ‐ 1.000)
1.424*
(0.944 ‐ 2.150)
0.552*
(0.296 ‐ 1.032)
2.137***
(1.681 ‐ 2.717)
0.896
(0.739 ‐ 1.086)

0.657
(0.199 ‐ 2.168)
1.874
(0.770 ‐ 4.563)
1.106
(0.935 ‐ 1.310)
1.016***
(1.009 ‐ 1.022)
1.000
(1.000 ‐ 1.000)
1.046
(0.452 ‐ 2.425)
0.481
(0.180 ‐ 1.289)
1.759***
(1.247 ‐ 2.482)
0.524
(0.077 ‐ 3.564)

3.475***
1.552*
(1.906 ‐ 6.336) (0.921 ‐ 2.615)
5.784***
8.579***
(2.694 ‐ 12.419) (5.270 ‐ 13.967)
1.128
1.128**
(0.960 ‐ 1.325) (1.011 ‐ 1.258)
1.007*
0.989*
(1.000 ‐ 1.014) (0.976 ‐ 1.001)
1.000***
1.000
(1.000 ‐ 1.000) (1.000 ‐ 1.000)
0.848
0.675
(0.373 ‐ 1.927) (0.385 ‐ 1.184)
0.274**
1.017
(0.082 ‐ 0.910) (0.560 ‐ 1.845)
1.300*
1.679***
(0.956 ‐ 1.766) (1.302 ‐ 2.165)
0.756
1.056
(0.346 ‐ 1.651) (0.876 ‐ 1.274)

0.200***
(0.111 ‐ 0.360)
Democracy
0.042***
(0.006 ‐ 0.313)
Constant
0.011***
(0.007 ‐ 0.020)
Observations
8,928
*** p<0.01, ** p<0.05, * p<0.1
Reference includes: Autocracy

0.657**
(0.450 ‐ 0.958)
0.119***
(0.047 ‐ 0.306)
0.016***
(0.011 ‐ 0.023)
8,928

1.329
(0.811 ‐ 2.179)
1.236
(0.662 ‐ 2.308)
0.003***
(0.002 ‐ 0.006)
8,928

1.043
(0.476 ‐ 2.284)
0.608
(0.207 ‐ 1.791)
0.004***
(0.002 ‐ 0.008)
8,928

2.724**
(1.061 ‐ 6.994)
1.647
(0.537 ‐ 5.048)
0.001***
(0.001 ‐ 0.003)
8,928

Capital region
Nighttime lights
Population
Area
Ports
Oil
Mines
Road density
Polity
Anocracy
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6.383***
(2.321 ‐ 17.558)
7.884***
(2.730 ‐ 22.771)
0.001***
(0.000 ‐ 0.004)
8,928

The conventional Poisson approach assumes that repeated aid projects to the same
region are independent which is likely untrue. Since there is a reason to believe that differences
across entities have some influence on the count of aid projects the second specification includes
a random effect for each region and fits a random‐effects Poisson regression (Tables 8A and 8B).
When random effects for each region are included the significant and positive relationship
between all aid and region is no longer present. Results indicate that the birth regions of the
current political leaders are expected to have a rate 1.634 times greater for education projects
(IRR 1.634; 95% CI 0.934 to 2.857), 4.793 times higher for emergency projects (IRR 4.793; 95% CI
1.273 to 18.042), 3.050 times higher for energy projects (IRR 3.050; 95% CI 1.460 to 6.372), 2.121
times higher for government projects (IRR 2.121; 95% CI 1.036 to 4.344), and 2.517 times higher
for multisector projects (IRR 2.517; 95% CI 0.991 to 6.393).
Table 8A: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model with Random Effects, 2000‐2011
(1)
(2)
(3)
(4)
(5)
(6)
ALL
COMMUNICATION
HEALTH
EDUCATION TRANSPORTATION AGRICULTURE
VARIABLES
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
Birth region

1.096
(0.871 ‐ 1.380)
Capital region
9.019***
(5.501 ‐ 14.787)
Nighttime lights
0.983
(0.912 ‐ 1.059)
Population
1.019***
(1.011 ‐ 1.026)
Area
1.000
(1.000 ‐ 1.000)
Ports
1.212
(0.787 ‐ 1.867)
Oil
0.318***
(0.208 ‐ 0.486)
Mines
1.389***
(1.137 ‐ 1.696)
Road density
1.173
(0.861 ‐ 1.597)

0.629
(0.269 ‐ 1.472)
8.556***
(3.146 ‐ 23.266)
0.856**
(0.733 ‐ 0.998)
1.000
(0.985 ‐ 1.015)
1.000*
(1.000 ‐ 1.000)
2.249*
(0.946 ‐ 5.349)
0.050***
(0.012 ‐ 0.214)
1.233
(0.833 ‐ 1.825)
0.765
(0.453 ‐ 1.292)

0.791
(0.507 ‐ 1.234)
14.922***
(7.269 ‐ 30.633)
0.942
(0.833 ‐ 1.064)
1.014**
(1.003 ‐ 1.026)
1.000
(1.000 ‐ 1.000)
1.302
(0.674 ‐ 2.512)
0.835
(0.443 ‐ 1.575)
1.337*
(0.973 ‐ 1.836)
1.142
(0.774 ‐ 1.685)
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1.634*
(0.934 ‐ 2.857)
10.760***
(4.922 ‐ 23.523)
1.057
(0.913 ‐ 1.223)
1.015***
(1.004 ‐ 1.027)
1.000
(1.000 ‐ 1.000)
0.912
(0.403 ‐ 2.065)
0.239***
(0.082 ‐ 0.698)
1.324
(0.933 ‐ 1.880)
1.158
(0.775 ‐ 1.729)

1.027
(0.577 ‐ 1.825)
9.201***
(3.375 ‐ 25.085)
1.098
(0.931 ‐ 1.295)
1.021***
(1.006 ‐ 1.035)
1.000
(1.000 ‐ 1.000)
0.714
(0.270 ‐ 1.886)
0.183***
(0.068 ‐ 0.495)
1.295
(0.834 ‐ 2.012)
1.348
(0.780 ‐ 2.331)

0.528
(0.201 ‐ 1.392)
32.151***
(4.586 ‐ 225.381)
0.840
(0.598 ‐ 1.179)
1.020
(0.994 ‐ 1.046)
1.000
(1.000 ‐ 1.000)
0.830
(0.125 ‐ 5.533)
0.446
(0.071 ‐ 2.809)
2.492**
(1.081 ‐ 5.743)
1.176
(0.471 ‐ 2.938)

Table 8A: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model with Random Effects, 2000‐2011
Polity
Anocracy
1.168
15.121***
1.092
1.274
0.607
4.755
(0.812 ‐ 1.680)
(4.574 ‐ 49.989)
(0.616 ‐ 1.936) (0.592 ‐ 2.740)
(0.285 ‐ 1.293)
(0.715 ‐ 31.604)
Democracy
0.733
2.125
0.507
1.704
0.305**
0.116
(0.455 ‐ 1.179)
(0.513 ‐ 8.792)
(0.224 ‐ 1.149) (0.690 ‐ 4.207)
(0.109 ‐ 0.855)
(0.004 ‐ 3.499)
Constant
0.039***
0.000***
0.005***
0.002***
0.004***
0.000***
(0.027 ‐ 0.058)
0.000***
(0.002 ‐ 0.009) (0.001 ‐ 0.005)
(0.002 ‐ 0.011)
(0.000 ‐ 0.000)
Region RE
YES
YES
YES
YES
YES
YES
Observations
8,928
8,928
8,928
8,928
8,928
8,928
*** p<0.01, ** p<0.05, * p<0.1
Reference includes: Autocracy
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Table 8B: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model with Random Effects, 2000‐2011
(7)
(8)
(9)
(10)
(11)
(12)
EMERGENCY
ENERGY
GOVERNMENT
INDUSTRY
MULTISECTOR
SOCIAL
VARIABLES
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
Birth region

4.793**
(1.273 ‐ 18.042)
6.910**
(1.050 ‐ 45.460)
0.893
(0.663 ‐ 1.201)
1.035***
(1.016 ‐ 1.055)
1.000
(1.000 ‐ 1.000)
1.767
(0.348 ‐ 8.971)
1.001
(0.242 ‐ 4.147)
0.602
(0.258 ‐ 1.408)
0.635
(0.060 ‐ 6.766)

3.050***
(1.460 ‐ 6.372)
3.978**
(1.390 ‐ 11.381)
0.989
(0.836 ‐ 1.170)
1.018***
(1.006 ‐ 1.030)
1.000
(1.000 ‐ 1.000)
1.231
(0.492 ‐ 3.080)
0.506
(0.210 ‐ 1.218)
1.353
(0.883 ‐ 2.073)
1.075
(0.559 ‐ 2.068)

2.121**
(1.036 ‐ 4.344)
41.068***
(15.269 ‐ 110.459)
1.371***
(1.096 ‐ 1.714)
0.964**
(0.935 ‐ 0.994)
1.000
(1.000 ‐ 1.000)
1.131
(0.430 ‐ 2.976)
0.437
(0.136 ‐ 1.402)
3.202***
(1.894 ‐ 5.414)
0.956
(0.614 ‐ 1.489)

0.788
(0.206 ‐ 3.024)
2.005
(0.575 ‐ 6.989)
1.098
(0.889 ‐ 1.357)
1.023***
(1.010 ‐ 1.035)
1.000
(1.000 ‐ 1.000)
1.094
(0.365 ‐ 3.275)
0.490
(0.153 ‐ 1.570)
1.894***
(1.185 ‐ 3.026)
0.483
(0.045 ‐ 5.153)

2.517*
(0.991 ‐ 6.393)
9.880***
(2.759 ‐ 35.375)
1.098
(0.862 ‐ 1.399)
1.017**
(1.002 ‐ 1.033)
1.000*
(1.000 ‐ 1.000)
1.313
(0.382 ‐ 4.517)
0.334
(0.074 ‐ 1.498)
1.149
(0.663 ‐ 1.991)
0.783
(0.286 ‐ 2.145)

1.379
(0.692 ‐ 2.747)
11.859***
(5.535 ‐ 25.409)
1.097
(0.950 ‐ 1.266)
0.990
(0.970 ‐ 1.010)
1.000
(1.000 ‐ 1.000)
0.764
(0.338 ‐ 1.724)
0.914
(0.413 ‐ 2.020)
1.726***
(1.177 ‐ 2.532)
1.108
(0.783 ‐ 1.569)

0.404
(0.118 ‐ 1.379)
Democracy
0.050**
(0.003 ‐ 0.820)
Constant
0.000***
(0.000 ‐ 0.002)
Region RE
YES
Observations
8,928
*** p<0.01, ** p<0.05, * p<0.1
Reference includes: Autocracy

0.978
(0.462 ‐ 2.073)
0.137***
(0.035 ‐ 0.534)
0.002***
(0.001 ‐ 0.005)
YES
8,928

0.765
(0.289 ‐ 2.023)
0.917
(0.273 ‐ 3.081)
0.001***
(0.000 ‐ 0.003)
YES
8,928

1.019
(0.377 ‐ 2.751)
0.518
(0.124 ‐ 2.164)
0.001***
(0.000 ‐ 0.004)
YES
8,928

2.322
(0.631 ‐ 8.548)
2.216
(0.471 ‐ 10.416)
0.000***
(0.000 ‐ 0.001)
YES
8,928

6.271***
(1.955 ‐ 20.112)
8.671***
(2.477 ‐ 30.349)
0.001***
(0.000 ‐ 0.002)
YES
8,928

Capital region
Nighttime lights
Population
Area
Ports
Oil
Mines
Road density
Polity
Anocracy
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Finally, based on committee input, I ran the random‐effects Poisson regression creating
an index for available resources (oil, ports, mines). A categorical variable (ResourceIndex) was
created stratifying the index into high and low values (Tables 9A and 9B). As expected the
coefficient for the primary variable of interest, birth region, remains consistent with the previous
specification. The newly created variable compares high resource regions to low resource
regions. High resource regions are expected to have a statistically significant higher rate of aid
projects in the emergency (IRR 4.591; 95% CI 1.254 to 16.811), energy (IRR 3.067; 95% CI 1.456
to 6.464), government (IRR 1.956; 95% CI 0.938 to 4.079), and among multisector projects (IRR
2.695; 95% CI 1.066 to 6.810).
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Table 9A: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model with Random Effects and Index for Resources,
2000‐2011
(1)
(2)
(3)
(4)
(5)
(6)
ALL
COMMUNICATION
HEALTH
EDUCATION TRANSPORTATION AGRICULTURE
VARIABLES
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
Birth region

1.103
0.660
0.796
(0.874 ‐ 1.391)
(0.280 ‐ 1.557)
(0.509 ‐ 1.244)
Capital region
10.978***
11.179***
15.372***
(6.586 ‐ 18.299) (4.071 ‐ 30.696) (7.527 ‐ 31.392)
Nighttime lights
0.952
0.819***
0.951
(0.883 ‐ 1.027)
(0.704 ‐ 0.953)
(0.844 ‐ 1.071)
Population
1.023***
1.005
1.017***
(1.016 ‐ 1.031)
(0.990 ‐ 1.020)
(1.005 ‐ 1.028)
Area
1.000
1.000
1.000
(1.000 ‐ 1.000)
(1.000 ‐ 1.000)
(1.000 ‐ 1.000)
Resource index (oil, ports, mines)
High
1.069
0.958
1.146
(0.801 ‐ 1.425)
(0.557 ‐ 1.647)
(0.729 ‐ 1.801)
Road density
1.249
0.887
1.165
(0.907 ‐ 1.719)
(0.526 ‐ 1.495)
(0.791 ‐ 1.716)
Polity
Anocracy
1.355
15.257***
1.154
(0.936 ‐ 1.963) (4.760 ‐ 48.898) (0.652 ‐ 2.043)
Democracy
1.018
2.616
0.582
(0.629 ‐ 1.649) (0.640 ‐ 10.701) (0.260 ‐ 1.302)
Constant
0.029***
0.000***
0.005***
(0.019 ‐ 0.043)
(0.000 ‐ 0.001)
(0.002 ‐ 0.009)
Region RE
YES
YES
YES
Observations
8,928
8,928
8,928
*** p<0.01, ** p<0.05, * p<0.1
Reference includes: Autocracy, low level of resources (oil,ports,mines)
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1.653*
(0.935 ‐ 2.922)
13.420***
(6.031 ‐ 29.860)
1.037
(0.895 ‐ 1.201)
1.019***
(1.008 ‐ 1.031)
1.000
(1.000 ‐ 1.000)

1.026
(0.573 ‐ 1.837)
12.854***
(4.573 ‐ 36.134)
1.009
(0.855 ‐ 1.191)
1.025***
(1.011 ‐ 1.040)
1.000
(1.000 ‐ 1.000)

0.526
(0.199 ‐ 1.390)
36.785***
(5.375 ‐ 251.739)
0.848
(0.614 ‐ 1.170)
1.027**
(1.002 ‐ 1.052)
1.000
(1.000 ‐ 1.000)

0.899
(0.517 ‐ 1.562)
1.199
(0.794 ‐ 1.811)

1.134
(0.600 ‐ 2.144)
1.383
(0.791 ‐ 2.417)

1.407
(0.429 ‐ 4.617)
1.148
(0.455 ‐ 2.897)

1.490
(0.685 ‐ 3.239)
2.471**
(1.001 ‐ 6.096)
0.002***
(0.001 ‐ 0.004)
YES
8,928

0.751
(0.349 ‐ 1.614)
0.456
(0.161 ‐ 1.292)
0.002***
(0.001 ‐ 0.006)
YES
8,928

5.540*
(0.760 ‐ 40.412)
0.158
(0.005 ‐ 5.315)
0.000***
(0.000 ‐ 0.000)
YES
8,928

Table 9B: Incidence Rate Ratios for Sector Specific Chinese Aid Flows, Using a Poisson model with Random Effects and Index for Resources,
2000‐2011
(7)
(8)
(9)
(10)
(11)
(12)
EMERGENCY
ENERGY
GOVERNMENT
INDUSTRY
MULTISECTOR
SOCIAL
VARIABLES
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
IRR(95% CI)
Birth region
Capital region
Nighttime lights
Population
Area
Resource index (oil, ports, mines)
High

4.591**
3.067***
1.956*
(1.254 ‐ 16.811) (1.456 ‐ 6.464)
(0.938 ‐ 4.079)
6.343**
4.592***
41.131***
(1.015 ‐ 39.619) (1.613 ‐ 13.068) (15.309 ‐ 110.505)
0.947
0.941
1.353***
(0.709 ‐ 1.264) (0.799 ‐ 1.108)
(1.087 ‐ 1.684)
1.032***
1.021***
0.985
(1.014 ‐ 1.051) (1.009 ‐ 1.033)
(0.959 ‐ 1.012)
1.000
1.000
1.000
(1.000 ‐ 1.000) (1.000 ‐ 1.000)
(1.000 ‐ 1.000)

0.837
(0.218 ‐ 3.212)
2.398
(0.707 ‐ 8.131)
1.052
(0.860 ‐ 1.286)
1.027***
(1.015 ‐ 1.040)
1.000
(1.000 ‐ 1.000)

0.482
(0.157 ‐ 1.481)
0.735
(0.090 ‐ 5.995)

2.695**
1.361
(1.066 ‐ 6.810) (0.676 ‐ 2.739)
11.462***
11.802***
(3.237 ‐ 40.587) (5.503 ‐ 25.311)
1.088
1.099
(0.857 ‐ 1.381) (0.953 ‐ 1.267)
1.020***
0.998
(1.005 ‐ 1.035) (0.981 ‐ 1.016)
1.000**
1.000
(1.000 ‐ 1.000) (1.000 ‐ 1.000)

1.696*
(0.914 ‐ 3.148)
1.122
(0.591 ‐ 2.129)

2.749**
(1.193 ‐ 6.336)
0.955
(0.605 ‐ 1.507)

2.527**
0.885
(1.100 ‐ 5.807) (0.371 ‐ 2.110)
0.500
0.839
(0.049 ‐ 5.095) (0.317 ‐ 2.218)

0.390
1.037
(0.118 ‐ 1.285) (0.491 ‐ 2.186)
Democracy
0.046**
0.170**
(0.003 ‐ 0.686) (0.044 ‐ 0.662)
Constant
0.000***
0.001***
(0.000 ‐ 0.002) (0.000 ‐ 0.003)
Region RE
YES
YES
Observations
8,928
8,928
*** p<0.01, ** p<0.05, * p<0.1
Reference includes: Autocracy, low level of resources (oil,ports,mines)

1.024
(0.387 ‐ 2.708)
1.698
(0.505 ‐ 5.711)
0.000***
(0.000 ‐ 0.002)
YES
8,928

1.134
2.521
6.815***
(0.424 ‐ 3.031) (0.690 ‐ 9.216) (2.113 ‐ 21.982)
0.959
2.759
10.721***
(0.252 ‐ 3.642) (0.606 ‐ 12.556) (3.076 ‐ 37.369)
0.001***
0.000***
0.001***
(0.000 ‐ 0.002) (0.000 ‐ 0.001) (0.000 ‐ 0.002)
YES
YES
YES
8,928
8,928
8,928

Road density

1.404
(0.802 ‐ 2.459)
1.078
(0.760 ‐ 1.528)

Polity
Anocracy
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Sensitivity to Multicollinearity
Multicollinearity occurs when there is a perfect linear relationship between two
independent variables in the model. For example, if economic activity is measured using both
nighttime lights as well as road density multicollinearity could produce wide confidence
intervals, greater standard errors, and small t‐statistics.97 Therefore, I tested for collinearity
using the COLLIN command in Stata.98 Results indicate that there is not a collinear relationship
between nighttime lights (VIF 1.01) and road density (VIF 1.01).

DISCUSSION
The aim of this research was to investigate whether and how political preferencing of
Chinese aid differs across sectors, such as health, education, communications, and
transportation, and to test whether Chinese aid is more likely to flow to birth regions as an
example of preferencing. Understanding allocation of aid is important for countries, such as
China, that are becoming an increasingly important player in the global development space, but
may be less bound to compacts that aim to curb political preferencing and thus may produce less
yield in terms of impact toward SDG goals.
The results of this research indicate that political preferencing related to the allocation of
aid is limited to emergency and energy aid from China. I did find some evidence in the
communication sector that the probability of aid placement may decrease in regions where the
current African leader was born. When analyzing levels of aid I did find evidence that more aid
flows to the birth region of the current political leader in the education sector, but less in the
health sectors. I also found evidence of political preferencing when analyzing the health sector
by aid purpose in the basic water and sanitation projects.
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One plausible explanation for these findings is that when provided the discretion to do
so, political leaders may have more flexibility to preference categories of aid that are less defined.
For instance, in circumstances where aid flows are program based versus project based the aid
flows may be less insulated from government influence.99 Using health as an example, project
aid for physician supply may be more scrutinized than general water and sanitation programs.
Second, incentives to implement aid effectively exist for sectors that rank highly in terms of policy
priorities. I argue that sectors that rank high on policy priorities, such as health and
transportation, are harder to preference than sectors that are not recognized as priorities, such
as aid to the social sector.
Although this research provides insight into the importance of examining disaggregated
aid flows it is not without limitations. There are several limitations in the georeferenced data set
to China. Since we observe financial values at the project level and not the project‐location level,
project amounts are spread equally across all project locations. This practice is consistent with
not only the Chinese aid geocoded dataset but also other spatially referenced aid flows to Africa.
However, it creates an artificially homogenous allocation of project aid across locations within a
country. Also, 27% of the projects do not include financial values. To address this weakness in
the data I followed Dreher et al. and set the aid amount to missing.49 The geographic coverage of
AidData’ s existing database of Chinese development projects is limited to Africa. The publication
of a comprehensive dataset of Chinese development projects around the world is anticipated in
early 2017. Since aid flows from China only represent one donor strategy, these results are not
generalizable to other donors. It is plausible that recipients approach aid effectiveness differently
within sectors that justify additional aid inflows. For example, reporting requirements from other
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donors may lead to less preference than aid from a country such as China with limited reporting
requirements.49 In terms of study design, fixed effects at a country level were included to control
for omitted variables correlated with the outcome (aid) and primary regressor (birth region).
However, when stratified by region many of the outcomes are zero resulting in perfect prediction
and the loss of a large number of observations. Future research could use a mixed‐effects model
or enrich these models with more data. Specifically, since there is a reason to believe that
differences across entities have some influence on the count of aid projects a specification that
includes a random effect for each region and fits a random‐effects Poisson regression (Tables 8A
and 8B) as well as accounts for clustering could be considered. Finally, this research is not causally
identified, so I do not know the extent that political preferencing of Chinese aid diminishes its
ultimate development impact.
We know that China provides a significant and growing portion of foreign aid to Africa
that is able to be captured by country governments and therefore not achieve the intended
development goals of improving well‐being in areas where need has been identified. We now
have a better understanding of which components of that aid are subject to political capture
through preferencing, however, future research should examine if this allocation is optimizing
ultimate development impact. In terms of policy implications, this research provides evidence
that political preferencing does exist within sectors that are traditionally associated with very
little impact evaluation evidence such as transportation, energy, economic policy, and urban
development.54 The results of this paper support the need for continued transparency of Chinese
aid flows. Specifically to support the new policy framework for measuring aid flows designed to
target SDGs. Such transparency generates incentives among corrupt governments to assess costs
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related to compliance with donor goals across different foreign aid sectors.99 From this research,
it is clear that aggregation masks the true relationship between aid flows and the birth region of
the current political leader. Therefore, future research should avoid the temptation to aggregate
aid flows into a single type and instead examine sector specific aid at the lowest level of
disaggregation possible.
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CHAPTER 3. ASSOCIATIONS BETWEEN HEALTH AID, MALARIA SERVICE
READINESS, AND UTILIZATION OF MALARIA HEALTH SERVICES: A STUDY
AMONG CHILDREN UNDER 5 IN MALAWI
ABSTRACT
The objective of this research was to examine the associations between health aid, facility
readiness to deliver malaria services, and the utilization of malaria health care services. This
research tests the hypothesis that health aid boosts a facility’s readiness to provide malaria
services thereby increasing utilization of malaria services in the facilities service area. Malawi
provides a useful case study to investigate health aid and service utilization questions due to poor
health conditions, significant donor attention, and possible evidence of aid inefficiencies, such as
corruption. This chapter made use of six sources of spatially referenced data analyzed as a cross
section. Using a mediation approach, three results emanate from this chapter. First, the overall
results suggest that health aid and service use is not mediated by facility readiness. However, the
findings do provide valuable insights when designing both health aid and malaria service
utilization programs. Second, results indicate that increasing an aid project to a region is
associated with a higher relative risk (RR=1.11; 95% CI 1.060 to 1.179) if the facility has a medium
vs. low level of readiness to diagnose malarial infections and, third, a higher relative risk the if
the facility is a high vs. low readiness facility (RR=1.23; 95% CI 1.161 to 1.303). These particular
findings are important, because diagnostic methods are a crucial component of malaria control
and prevention. The results also suggest that diagnostic capacity exists, but is underutilized
among children under 5, which could be due to a lack of trained staff to use diagnostic tools. In
line with the empirical results improvements in aid policies could involve strengthening the
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volume of aid allocated for investments in diagnostic capacity through consistent and
comprehensive training at the facility level.

INTRODUCTION
Whether or not foreign aid to the health sector improves health outcomes has been an
intense and ongoing debate since the 1970s. On one side there is evidence that increases in aid
are followed by average increases in investment in physical and human capital, economic growth,
or population‐level health improvements.6,13‐15 On the other side, opponents find that the
average effect of aid on economic growth is modest at best, that aid is associated with
undermining broader development efforts, and that aid is ineffective at improving population
level measures.13,16‐18 As the amount of foreign aid spent on global health initiatives continues to
increase, so does the debate on whether or not this aid is effective with effectiveness defined as
a positive association with health outcomes.100 According to the Institute for Health Metrics and
Evaluation (IHME), from 2000 to 2010 international aid to the health sector increased from $10.7
billion to $28.2 billion.101 However, since 2010 health aid has remained relatively flat. In 2015,
$36.4 billion in health aid was disbursed, an increase of only 0.3% over 2014 levels, marking the
fifth straight year of negligible increases in health aid.1 More recently, the health aid effectiveness
debate has intensified as to whether these initiatives are having a positive effect on health
outcomes.100 A number of studies find that the health aid is failing at significantly improving key
health indicators and suggest health aid is an ineffective policy tool.3,102 Others find significant
relations between health aid and health outcomes, particularly on reducing infant mortality and
increasing life expectancy.15,103 Within‐country research highlights the effectiveness of specific
interventions, such as insecticide‐treated mosquito nets and indoor residual spraying; however,
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there is limited understanding of the role of donor dollars allocated to these efforts.102,104 The
majority of existing research has relied largely on aggregate (i.e., country‐level) information.3‐6
Although these studies have added to our understanding of how aid is used and have been
influential in the overall design of health programs, the result is that aggregate information is
being used to make essential decisions regarding individual‐ or project‐level programs. Careful
planning and evaluation using disaggregated (i.e., subnational) data will be necessary to sustain
as well as extend the current improvements in health.
This chapter uses Malawi as a case study to analyze the associations between health aid,
malaria facility readiness, and the utilization of malaria care services. This work specifically
focuses on malaria, because malaria continues to be a major public health problem in Malawi. In
2015, malaria was the third leading cause of under‐5 mortality preceded by diarrhea/lower‐
respiratory infections and neonatal disorders.105 Within Malawi malaria is responsible for
approximately 36% of all outpatient visits across all ages, creating a significant burden on the
health facility infrastructure.106 In this research, I ask four research questions that contribute to
the broader literature on the effectiveness of health aid. First, is the allocation of health aid
positively associated with utilization of malaria services among children under 5 years old?
Second, is health aid associated with health facility readiness to provide malaria services? Third,
is malaria facility readiness positively associated with use of malaria services? Fourth, is health
aid positively associated with utilization of malaria treatment after controlling for service
utilization? I hypothesize that health aid boosts a facility’s readiness to provide malaria services
thereby increasing utilization of malaria services by children under 5 residing in the facility’s
service area.
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Malawi provides a useful case study to investigate health aid and service utilization
questions due to poor health conditions, significant donor attention, and possible evidence of aid
inefficiencies, such as corruption. In the 2000s, Malawi saw worsening socioeconomic and health
conditions; for example, malaria incidence increased from 295 cases per 1000 people in 2005 to
458 in 2009.107 Deteriorating conditions led to increased attention from donors; estimates from
AidData indicated that as much as US$200 million in health aid have been allocated annually in
the past decade.35 Malawi remains highly donor dependent, with foreign aid making up about
40% of the national budget.108 Donor reports claim that development efforts have improved
health outcomes, but note some aid funds have been unaccounted for and poorly documented.
Inefficiencies in the health sector, such as high rates of aid used for lodging, courses, and
seminars, have attenuated aid impacts resulting in a lower availability of medicines and health
personnel.109 In addition, government officials have been accused of siphoning off funds into
their own pockets, causing donors to question aid effectiveness and freeze aid at times.108
Empirical evidence examining the allocation of donor dollars for health in Malawi remains
limited. One study examined donor‐financed expanded coverage of malaria interventions in four
hospitals in Malawi, only to find malaria admission rates increasing or remaining unchanged from
2000 to 2010.41 This finding may be the result of an urgent need to improve the quality of
parasitological diagnosis and reporting, but also supports the need to understand the wider
implications of funding for malaria services.41 Across Africa, studies are showing a mixed set of
results related to the rapid scaling up of key malaria interventions following increases in
development assistance.28,32,40,41 The current study supports an existing need in the literature to
collect higher‐resolution subnational data in order to understand the potential pathways in which
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health aid may influence utilization of malaria services.41 This research is significant as it is the
first to combine a census of Malawi health facilities with the Government of Malawi’s official
source of statistics and data about foreign aid spending to examine targeted aid, facility readiness
to diagnose and treat malaria, and malaria specific health services outcomes.

CONCEPTUAL FRAMEWORK
The Andersen and Newman Framework of Health Services Utilization (Andersen and
Newman’s Framework) is adapted to provide a conceptual model to understand the potential
determinants of malaria health services use among children under 5 in Malawi.110 The framework
views health care use as a result of individual decisions, which are driven by their societal
resources as well as the availability of services. The model states societal determinants of
utilization affect the individual determinants both directly and through the health services
system. The model assumes that utilization is determined by a predisposition to use services, the
ability to use services, and the need for services.110 Therefore, the behavioral model of health
service utilization can be adapted to examine the relationship between both social and
demographic factors and the utilization of malaria services at an individual level.
Although Andersen and Newman’s Framework for health service utilization was designed
to provide a framework for achieving equitable distribution of health services in the United
States,110 it also has been used in studies investigating the use of health services in developing
countries. For example, Fosu used the model to examine factors that influence the utilization of
medical care facilities for treating childhood morbidity in sub‐Saharan Africa. The results showed
the factors that account for health service use include the age of the mother, mother’s education,
family resources, rural‐urban residence, and the number of reported diseases.111 Rahman used
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the framework to examine factors affecting acceptance of complete immunization coverage of
children under 5 years old in rural Bangladesh. This research concluded that predisposing,
enabling, and need factors such as the mother’s wealth, distance from health facility, mother’s
age, parity, and child’s gender appear to have a strong association with full immunization
coverage.112
In Figure 1, the Andersen and Newman’s Framework is adapted to the context of children
under 5 living in areas of high malaria risk in Malawi. The main pathways of interest are
represented as solid arrows. The dashed arrows are other pathways suggested by the Andersen
and Newman’s Framework to influence malaria service use, including individual‐ and societal‐
level controls (these measures are represented in italics).
Importantly, this framework suggests that health aid relates to malaria health service
utilization through its influence on increasing malaria facility readiness in a defined service area
(Path A‐B, Research Question 4 above). It also provides a model for understanding the
relationship between societal determinants and facility readiness to provide malaria services
(indicated by Path A and answering Research Question 2). Furthermore, the model can be used
to examine the relationship between facility readiness to provide malaria services and service
utilization (Path B, Research Question 3) as well as the relationship between health aid and
service use (Path C, Research Question 1). Each of the components comprising the conceptual
model are discussed below, beginning with societal determinants.
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Figure 1: Andersen and Newman model of health service utilization to examine malaria service
utilization by children under 5 in Malawi

Societal Determinants
According to Andersen, the funding of medical care is the societal determinant that has
the greatest effect on health service utilization.110 Only recently has there been a shift in the
global health agenda from focusing on disease‐specific approaches to emphasizing health‐system
strengthening to improve the effectiveness of health systems.113‐115 The impact of health funding
on the delivery of health services remains a matter of debate. Although a few studies have begun
to investigate this question; most have been qualitative in nature or focused on investment in
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HIV/AIDS programs.116 Grepin conducted an investigation of the impacts of increased HIV donor
funding on non‐HIV health services in sub‐Saran Africa and found mixed results suggesting that
HIV aid may have positively affected some maternal health services, such as prenatal blood
testing, but crowded out childhood immunizations.116 Within this limited literature, there is some
evidence that scaled up investments in HIV/AIDS programs are strengthening fragile health
systems in developing countries.117 However, the approach used in this paper considers all health
aid instead of vertical aid, such as malaria specific investments. Thus, it is innovative in that it
follows the current, more systematic management of health aid, which concentrates on
concerted efforts to understand the synergy between all health aid and health system
strengthening.117
Health Services System
Next, the conceptual framework used to guide this research links societal determinants
directly to health service systems as well as to individual determinants, which are discussed in
the next section. Recent research indicates that health facility readiness could be one of the
major factors contributing to poor malaria treatment. Frequent antimalarial drug shortages
contribute to low coverage of malaria treatment in many areas in sub‐Saharan Africa.118 Similarly
findings from four East African countries indicate that women are more likely to use modern
contraceptive methods when living near facilities with a higher service readiness score.119
Furthermore, measures of health service readiness appear to improve the explanatory power of
health services utilization regressions by 27%.119
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Individual Determinants
Child, mother, and household‐level factors associated with treatment seeking for
childhood illnesses are included in the conceptual model as individual determinants. Within the
model, these determinants are categorized into predisposing, enabling, and need factors based
on the Anderson and Newman framework.110
Predisposing factors. Four measures of predisposing characteristics are associated with
treatment seeking for childhood illness.120 First, mother’s age is included to control for the
suggestion that younger women tend to use more health services than older women.111 A child
of a younger mother is more likely to be the woman’s first child and therefore she might be more
likely to seek treatment.120,121 Second, mother’s education is directly related to employment and
socio‐economic status.111 Mothers with no or primary education are less likely to take their child
for treatment when sick.122 Several factors account for why this may occur; specifically, women
with little or no education are less likely to recognize severe symptoms in a sick child, are more
likely to seek treatment from a traditional healer, and are less likely to have financial resources
to take a child for treatment at a health facility.120 Third, the age of the child is also included since
age is a strong predictor of treatment seeking for fever, with younger children (under age 2) more
likely to have been brought for care than older children (ages 2–5).111,120 The fourth factor, a
belief or culture that western treatment is appropriate could be associated with treatment‐
seeking behavior. Data that capture this construct are unavailable (indicated in non‐italicized
text), and therefore cultural beliefs are included as a predisposing factor in the conceptual model
but are unable to be included in the empirical model.123 In addition to the predisposing factors
mentioned, number of siblings was also considered. However, number of siblings was not
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consistently identified in the literature as influencing diagnostic or treatment‐seeking behavior
among children under 5.120
Enabling factors. Three measures of enabling characteristics promote the ability to use
malaria services. First, mothers living closer to a health facility are more likely to take their child
for treatment of illness. According to Bennett, children in households less than 2 km from a health
facility were 1.4 to 1.7 times more likely to be taken for treatment than children at least 6 km
from a health facility.120 Distance from a facility acts as a barrier to treatment through increased
travel costs, increased time, and decreased motivation to take a sick child on a long trip.120
Second, geographic location type (urban/rural) can proxy for the supply of facilities that are
available to mothers and the ease of accessing them. Children living in rural households are
typically farther from a health facility.111 Third, wealth is included in the model as women living
in poorer households are less likely to seek treatment for sick kids due to lack of money to pay
for treatment costs, transportation costs to the facility, and concerns about lost time from work
to take the child for treatment.111,120,124‐126
Need factors. In order for malaria services to be used the model suggests there must be
a perceived need for that service. The need factor in this study is the malaria ecology index, which
is an index of malaria risk. Women living in areas of higher malaria risk may perceive a greater
need for malaria treatment than women living in areas of lower malaria risk.111
Malaria Service Utilization
Finally, the conceptual model concludes with utilization of effective malaria services. The
Global Malaria Action Plan (GMAP) provides a global framework for malaria control, elimination,
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and research. These outcome indicators can be used to measure progress toward GMAP targets
and are the recommended indicators for malaria case management among children under 5
years old.127 These indicators include children under 5 with a fever in the last two weeks who: (1)
had a finger or heel stick, (2) sought advice or treatment, (3) received an Artemisinin‐based
Combination Therapy (ACT), and (4) received any of the three preceding case management
indicators.

DATA
The analyses to test the relationships as described in the conceptual model above
combine six sources of data. The first dataset is the 2012 Malawi Malaria Indicator Survey (MIS)
from the DHS Program.128 It includes data from 3,404 households on all of the internationally
recognized malaria indicators as well as background data on the characteristics of household
members.128 In DHS surveys, groupings of households are known as clusters (n=140) and are
georeferenced, meaning a latitude and longitude are assigned to the center of a group of
households.129 The original data included 2,171 children under 5 years of age. Children were
excluded if geographic information was missing (n=53). The final sample includes 2,118 children
under 5 years of age.
The second dataset is AidData’ s Malawi Aid Management Platform (AMP), which includes
data on the locations of aid projects recorded by the Government of Malawi and includes roughly
80% of all aid reported to the Ministry of Finance since 2000.130 Third, nighttime light intensity
data were obtained from the National Oceanic and Atmospheric Administration (NOAA).91 This
variable is used to study regional socioeconomic systems in developing countries particularly for
countries with no recent population or economic census.80 In this analysis, it serves as a proxy for
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economic activity. Previous literature has shown that nighttime light intensity correlates with
GDP at the level of countries, the level of subnational provinces, and at the level of grid cells of 1
x 1 decimal degrees.80,131,132 The fourth dataset is Gridded Population of the World (GPWv4),
which includes gridded population counts and is available from the Center for International Earth
Science Information Network (CIESIN). This data set provides globally consistent population data
at a disaggregated level and can be used to calculate consistent population measures at the
regional level.82 Recent population mapping methodologies utilize a variety of approaches in
order to assign estimated population counts to a grid cell. The primary advantage of the CIESIN
GPWv4 is that it is a minimally modeled data set, specifically it uses an areal‐weighting approach.
This approach allows for the data to be analyzed in conjunction with ancillary data sets, such as
land cover, without concern for endogeneity.133,134 Fifth, the 2013/14 Malawi Service Provision
Assessment (2013 MSPA) data on 956 health facilities was included. The MSPA provides
subnational information on the availability and quality of services from all functioning health
facilities in Malawi and is available from the Demographic and Health Surveys (DHS) Program.135
Finally, the time‐varying Malaria Ecology Index (MEI) dataset was included to capture measures
of the risk of malaria infection across Malawi. The construction of the MEI as well as results
demonstrating the predictive power of an ecology‐based index of malaria transmission was
recently published in the literature.136 In summary, the Malaria Ecology Index measures the
stability of the transmission of malaria by examining ecological factors such as temperature and
rainfall, as well as the dominant mosquito vector and its human biting rate.136 The index is
averaged within each country’s national boundaries, to create a national value, which can then
be compared to yearly national‐level malaria mortality data. For example, if the coefficient on
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the MEI is 0.55, it suggests that when a country experiences a year with a 1‐point higher MEI than
average, malaria mortality tends to be around 55% higher.137 The MEI can be used when direct
disease counts are not possible. It is both time and spatially varying, meaning the MEI value is
assigned to the location of the interview during the month the mother was interviewed.136 Table
1 describes each of the variables used in the empirical approach, which construct it related to in
the conceptual model, as well as the data source.
Table 1: Data Sources and Empirical Measures
VARIABLE
DEFINITION
Dependent Variables (Conceptual Framework: Malaria Service Utilization)
Advice/Treatment
Children under 5 with fever in the last two
weeks for whom advice or treatment was
sought
Heel/Finger Sick
Children under 5 with fever in last 2 weeks
who had a finger or heel stick
ACT
Children under 5 receiving an ACT, with a fever
in last 2 weeks
Any Treatment
Combination of previous 3 variables
(advice/treatment, ACT, and heel/finger stick).
Children under 5 with fever in the last 2 weeks
who had a finger or heel stick, received an ACT,
or for whom advice or treatment was sought
Independent Variables (Conceptual Framework: Societal Determinants)
Health Aid
Count of the number of health aid projects in
each region (first‐level administrative
boundary)

Nighttime Lights

Log of the average nighttime light intensity of
the region

Population

Sum of the adjusted population count of the
region
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SOURCE
National Malaria Control
Programme (NMCP) [Malawi] and
ICF International. 2012. Malawi
Malaria
Indicator Survey (MIS) 2012.
Lilongwe, Malawi, and Calverton,
Maryland, USA: NMCP and ICF
International.128

Christian Peratsakis, Joshua Powell,
Michael Findley, Justin Baker, and
Catherine Weaver. 2012. Geocoded
Activity‐Level Data from the
Government of Malawi's Aid
Management Platform.
Washington D.C. AidData and the
Robert S. Strauss Center for
International Security and Law.130
National Oceanic and Atmospheric
Administration (NOAA); Version 4
DMSP‐OLS Nighttime Lights Time
Series91
Center for International Earth
Science Information Network
(CIESIN); Columbia University.82,128

Table 1: Data Sources and Empirical Measures
VARIABLE
DEFINITION
Area
Square kilometers of subnational regions

SOURCE
Directly calculated from the
shapefile of subnational
boundaries83

Independent Variables (Conceptual Framework: Health Services System)
Ministry of Health (MoH) [Malawi]
Overall Malaria Service
Includes unexpired malaria rapid diagnostic
and ICF International. 2014. Malawi
Readiness Index
test kits or else a functioning microscope with
Service Provision Assessment
relevant stains and glass slides; staff member
(MSPA) 2013‐14. Lilongwe, Malawi,
recently trained in either RDT or microscopy,
and Rockville, Maryland, USA: MoH
and malaria RDT protocol available in facility,
and ICF International.135
malaria treatment guideline, first‐line
medicine, and personnel recently trained in
malaria diagnosis and/or treatment available
Diagnostic Readiness
Includes malaria Rapid Diagnostic Testing (RDT)
Index
or malaria microscopy diagnostics, either
malaria RDT or malaria microscopy training,
and having malaria RDT protocols
Training Readiness Index Includes having either malaria RDT or malaria
microscopy training, malaria RDT protocols,
malaria treatment guidelines, and trained
personnel
Independent Variables (Conceptual Framework: Individual Determinants Predisposing Factors
Mother’s Highest
Highest education level of mother
National Malaria Control
Education Level
Programme (NMCP) [Malawi] and
ICF International. 2012. Malawi
Mother’s Age
Current age of mother (years)
Malaria Indicator Survey (MIS)
Age of Child
Current age of child (years)
2012. Lilongwe, Malawi, and
Calverton, Maryland, USA: NMCP
and ICF
International.128
Independent Variables (Conceptual Framework: Individual Determinants Enabling Factors)
National Malaria Control
Distance from Health
Straight line distance in km from the survey
Facility
cluster to the nearest health facility; calculated Programme (NMCP) [Malawi] and
ICF International. 2012. Malawi
in ArcGIS 10.4 using near distance tool
Malaria
Indicator Survey (MIS) 2012.
Lilongwe, Malawi, and Calverton,
Maryland, USA: NMCP and ICF
International and Ministry of
Health (MoH) [Malawi] and ICF
International. 2014. Malawi Service
Provision Assessment
(MSPA) 2013‐14. Lilongwe, Malawi,
and Rockville, Maryland, USA: MoH
and ICF International.128,135
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Table 1: Data Sources and Empirical Measures
VARIABLE
DEFINITION

Wealth Index
Geographic Location

Composite measure of a household’s
cumulative living standard
Type of place of residence (urban/rural
location)

SOURCE

National Malaria Control
Programme (NMCP) [Malawi] and
ICF International. 2012. Malawi
Malaria
Indicator Survey (MIS) 2012.
Lilongwe, Malawi, and Calverton,
Maryland, USA: NMCP and ICF
International.128

Independent Variables (Conceptual Framework: Individual Determinants Need Factors)
Malaria Ecology Index
Index of malaria risk
Gordon C. McCord and Jesse K.
Anttila‐Hughes. "A Malaria Ecology
Index Predicted Spatial and
Temporal Variation of Malaria
Burden and Efficacy of Antimalarial
Interventions Based on African
Serological Data." The American
Journal of Tropical Medicine and
Hygiene (2017): 16‐0602.136

Outcomes
The outcome variables for these analyses are dichotomous, indicating whether or not a
child under 5 who had a fever in the last two weeks received (1) advice or treatment, (2) finger
or heel stick, (3) malaria artemisinin‐based Combination Therapy (ACT), or (4) any malaria service
use. The construction of these outcomes are based on guidance outlined in the Household Survey
Indicators for Malaria Control, Section 3.3 Case Management among Children under 5 years
old.127 This resource provides guidance on monitoring and evaluation of the updated objectives
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and targets of the Global Malaria Action Plan. It also provides guidance for constructing indicators
from household surveys, which includes case management among children under 5.127
The construction of these outcomes is outlined in Table 2. In parentheses are the specific
variables numbers as they are found in the DHS survey. Children under 5 years old with a fever
in the last two weeks who had a finger or heel stick measures the extent to which children with
a fever obtain a parasitological diagnosis. Children were coded as having a finger or heel stick if
they had a fever in the last two weeks (h22) and had blood taken from their finger/heel (h47).
The next outcome, children under 5 years old with fever in the last two weeks for whom advice
or treatment was sought, captures care‐seeking behavior for the treatment of malaria among
children under 5 years old. Children were coded as seeking advice or children if they had a fever
in the last two weeks (h22) and they received medical treatment for a fever (h32z). The third
outcome, children under 5 years old with fever in the last two weeks receiving an ACT, assesses
antimalarial treatment received by children under 5 in accordance with national malaria
treatment policy. Children were coded as receiving ACT if they had a fever in the last two weeks
(h22) and had taken ACT for fever (h37a‐h37h). Finally, any malaria service use among children
under 5 is an indicator for whether any of the previous three outcomes occurred. Children were
coded as having any malaria service use if they had a fever in the last two weeks and had a heel
or finger stick, received advice or treatment, or received ACT.127

Table 2: Construction of Measures of Malaria Service Utilization (Dependent Variables)
Outcome
Variable in MIS
Children under 5 years old with fever in the last two h22: fever in the last 2 weeks
weeks for whom advice or treatment was sought
h32z: fever/medical treatment (binary outcome as
aggregate from h32 treatment by facility type)
Children under 5 years old with fever in the last two h22: fever in the last 2 weeks
weeks who had a finger or heel stick
h47: blood taken from child’s finger/heel
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Table 2: Construction of Measures of Malaria Service Utilization (Dependent Variables)
Outcome
Variable in MIS
Children under 5 years old with fever in the last two h22: fever in the last 2 weeks
weeks receiving an ACT
h37a‐H37h: type of ACT/taken for fever
Any malaria service use among children under 5
Heel/finger stick or advice/treatment sought or
receiving an ACT

Key independent variables
There are four key independent variables. The first is health aid. The second is an index
of facility readiness to provide malaria services. The last two are a subset of facility readiness
measures, which include readiness to provide malaria diagnostic services and readiness to
provide malaria training.
Health Aid
The first key independent variable is health aid, measured as the count of health aid
project within a region. Data in Malawi’s AMP are hierarchically coded, where purpose codes
represent the overarching purpose of aid projects and activity codes are subcategories of
purpose codes indicating specific project activities. The AMP data is restricted to projects that
could feasibly have local associations with malaria services and utilization, including any project
with a purpose or activity code from the following aid sectors: basic health care, basic health
infrastructure, health policy and administrative management, infectious and parasitic disease
control, medical education and training, or medical services.35,138 In addition, each aid project
carries a precision code that indicates the spatial certainty of where the project was allocated.
Spatial precision ranges from a precise location to the entire country. I include all projects with a
spatial precision at a specific location and at the district level, excluding all projects with spatial
precision at the region and country level, as these are too coarse for the analysis. Out of the initial
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sample of 139 project locations, 112 projects remained in the sample (20% excluded). Projects
allocated to a specific location are coded as being allocated to a geographic region, specifically
the first‐level administrative division (ADM1), which is the largest administrative subdivision of a
country. Children were coded as living in an area that received aid based on the count of health
aid projects allocated to the region in which they resided during the survey. Despite the
granularity of the aid data, it is not possible to distinguish which individuals in the survey were
recipients of the aid. Therefore, instead of interpreting these data based on individuals receiving
aid, estimates should be viewed as delineating individuals who resided in areas that received aid.
Index of Malaria Service Readiness
The second key independent variable is an index of malaria service readiness. Building
upon the Paris Declaration of Aid Effectiveness and the International Health Partnership, global
partners including the World Health Organization, the United States Agency for International
Development, MEASURE Evaluation, MEASURE DHS, and ICF International developed a general
framework for monitoring and evaluating of health system strengthening in developing
countries, including systems to strengthen malaria service delivery.139 Service availability and
readiness assessment (SARA) is one tool within this framework designed as a systematic survey
to assess health facility service delivery. This survey includes a set of indicators designed to
determine the ability of a facility to provide services based on both quality and quantity.139 These
indicators can be combined into a specific service readiness index, such as an index of malaria
services. The malaria service readiness index is a quality measure designed to determine the
capacity of health facilities to provide malaria services. Service readiness is specifically defined
by the WHO as the “ability of health facilities to offer services, and the capacity to provide that
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service measured through consideration of tracer items that include trained staff, guidelines,
equipment, diagnostic capacity, and medicines and commodities.”139
Using the SARA as a framework and data representing responses to 40 variables included
in the Service Provision Assessment (SPA), an index of malaria service readiness was created.128
These 40 variables are categorized into six groups that are outlined in Table 3:
Table 3: Construction of Malaria Readiness Index128
Category Number
1

Categories of Malaria Service
Readiness Index
Facilities having malaria
diagnostic capacity (unexpired
malaria rapid diagnostic test
(RDT) kits or else a functioning
microscope with relevant
stains and glass slides

Variables from Service Provision
Assessment
Interviewer observed RDT being
conducted: 1.Q1420(6)=1
OR
2. Providers in facility diagnose malaria:
Q1702=1
OR
3. Providers in facility prescribe
treatment for malaria: Q1710=1
OR
Facility had malaria microscopy capacity
(all components 1,2,and 3)
1. Light microscope used and
functioning: Q840(1) B=1 AND
Q840(1)C=1
AND
2. Glass slides and covers used:
Q840(8)B=1
AND
3. Giemsa Stain, Field Stain, or Acridine
Orange stain available: Q847(1)B=1 OR
Q847(2)B=1 OR Q847(3)B=1
OR
Facility had RDT capacity
(components 1,2,or 3)
1. Observed RDT kit (malaria section):
Q1706=1
OR
2. Observed RDT kit (parasitology
section): Q843=1
OR
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Table 3: Construction of Malaria Readiness Index128
Category Number

Categories of Malaria Service
Readiness Index

2

Staff member recently trained
in either RDT or microscopy

Variables from Service Provision
Assessment
3. Observed malaria rapid diagnostic
testing: Q1420(6)=1
If child curative services provided p302=1
AND
1. Malaria training in the last 24 months
for how to perform RDT p206_3=1
OR
2. Child health services training in the
last 24 months for how to perform RDT
p304_04=1 OR
3. Diagnostic services training in the last
24 months for how to perform RDT
p703_8
OR
4. Malaria training in the last 24 months
for malaria microscopy p206=1
OR
5. Child health services training in the
last 24 months for malaria microscopy
p304_02=1
OR
6. Diagnostic services training in the past
24 months for how to perform malaria
microscopy p703_7=1

3

Malaria RDT protocol available
in facility

4

Malaria treatment guideline

5

First‐line medicine
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if
1.Training manual, poster, or other job
aid for using a malaria RDT observed
q1709=1
OR
2. Training manual, poster, or other job
aid for using a malaria RDT reported
q1709=2
If
1. National guidelines for the diagnosis
and treatment of malaria reported
q1712=1 OR
2. Other guidelines for the diagnosis and
treatment of malaria observed q1714=1
if
1. Artemether lumefantrine 6 tablet
observed and valid q905_01=1

Table 3: Construction of Malaria Readiness Index128
Category Number

Categories of Malaria Service
Readiness Index

6

Personnel recently trained in
malaria diagnosis and/or
treatment available
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Variables from Service Provision
Assessment
OR
2. Artemether lumefantrine 12 tablet
observed and valid q905_02=1
OR
3. Artemether lumefantrine 18 tablet
observed and valid q905_03=1
OR
4. Artemether lumefantrine 24 tablet
observed and valid q905_04=1
OR
5. Fansidar/SP tables observed and valid
q905_05=1
OR
6. Quinine tablets observed and valid
q905_06=1
OR
7. Quinine injection observed and valid
q905_07=1
OR
8. Injectable artesunate observed and
valid q905_08=1
OR
9. Artesunate suppositories observed
and valid q905_09=1
OR
10. Other anti‐malarial medicine
observed and valid q905_10=1
OR
11. Artemether‐Amodiaquine 25mg
observed and valid q905_11=1
OR
12. Artemether‐Amodiaquine 50mg
observed and valid q905_12=1
OR
13. Artemether‐Amodiaquine 100mg
observed and valid q905_13=1
if Malaria training in the past 24 months
for
1. Diagnosing malaria in adults p206_1=1
OR
2. Diagnosing malaria in children
p206_2=1 OR
3. How to perform malaria RDT
p206_3=1 OR

Table 3: Construction of Malaria Readiness Index128
Category Number

Categories of Malaria Service
Readiness Index

Variables from Service Provision
Assessment
4. Case management/treatment of
malaria in adults p206_4=1
OR
5.Case management/treatment of
malaria in pregnancy p206_5=1
OR
6. Intermittent preventive treatment of
malaria in pregnancy p206_6=1
OR
7. Case management/treatment of
malaria in children p206_7=1

Figure 2 describes the construction of the total malaria service readiness index. A facility
was given one point for reporting yes to each category. By summing up the points, each facility
gets a total malaria service readiness score ranging from 0 to 6.
Figure 2: Indicators of Malaria Service Readiness Index

The third and fourth independent variables of interest are a subset of the total malaria
service readiness index. Facility readiness for diagnostic capacity combines indicators from rows
1, 2, and 3 (Table 3) that include malaria Rapid Diagnostic Testing (RDT) or malaria microscopy
diagnostics, either malaria RDT or malaria microscopy training, and having malaria RDT protocols.
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Facility readiness for malaria training includes indicators from rows 2, 3, 4, and 6 from Table 3,
such as having either malaria RDT or malaria microscopy training, malaria RDT protocols, malaria
treatment guidelines, and trained personnel.
Linking Facility‐Level and Household‐Level Data in Malawi
In order to conduct the analysis it is necessary to link the malaria service readiness indices
to the individual level data (children under 5). Within the literature, different methods to link
household and facility data have been reported, each method has its own set of advantages and
limitations.140 These methods are divided into two categories: 1) indirect methods in which
individuals were linked to all or the nearest facilities or providers, and 2) direct linking in which
individuals were linked with the exact provider or facility where they received care.141 A recent
literature review focused on child healthcare in low‐ and middle‐income countries determined
that of the 59 studies included in the review, 51 used indirect linking methods and only 8 used
direct linking methods. Of the studies using direct linking, most were in only rural areas where
the number of providers was more limited.141
Following the majority of the extant literature, this study links the malaria service
readiness index to the household survey data indirectly. Direct linkage is not possible, because
the MIS and SPA are independent sources of household and facility‐level data. Therefore, it is not
possible to link individuals with the exact provider or facility where they sought malaria services.
In order to link the malaria service readiness index to the household indirectly, Kernel Density
Estimation (KDE) was used. Technical details of this linkage are included in appendix B. In short,
KDE creates a map that depicts the estimated influence a health facility has over a geographic
area to assign a density of each readiness index for each household survey cluster in the DHS
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survey. Thus, in this paper, malaria service readiness will refer to the average KDE estimates of
total service readiness, diagnostic readiness, and training readiness, for a 5km buffer around each
DHS household survey cluster. l
The primary advantage of this linking method is that it allows for the incorporation of a
fundamental aspect of health care utilization patterns, which is distance decay or the idea that
the farther away a patient is located from a facility, the lower their access.140 However, this
method also has limitations. The kernel used in a KDE is assigned according to a straight‐line
distance. This method assumes that patients can travel along a straight‐line path to get to a
service, while in reality patients take indirect paths following roads. One study found that
straight‐line distances were strongly correlated with actual driving distance times, demonstrating
that in some cases it may be a reliable proxy.143 Given that the readiness score is a relative
measure, three terciles were constructed from the distribution to capture low, medium, and high
levels of facility readiness.

EMPIRICAL APPROACH
To test my hypotheses that health aid is associated with malaria service utilization
indirectly via increasing facilities readiness to provide malaria services, I use a mediation
approach. This approach allows me to examine how the paths aid can plausibly effect utilization.
In an approach popularized by Baron and Kenney, mediation can be assessed with the three
equations depicted in Figure 3. In this figure, health aid (X), malaria service readiness (M), and
malaria service utilization (Y) are represented in the rectangles and the arrows represent the
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Following Skiles, 5km buffers were selected because DHS survey cluster spatial coordinates (latitude and
longitude) are taken at a centroid and we know the cluster population is dispersed over a surface area.142
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relationship between variables.144 This figure also uses notation most widely applied in mediation
analysis with Pathway A representing the relationship between health aid and malaria service
readiness (Research Question 2), Pathway B representing the effect of malaria service readiness
on malaria service utilization controlling for health aid (Research Question 3), Pathway C
representing the relationship between health aid and malaria service utilization (Research
Question 1), and, finally, Pathway C’ is the effect of health aid on malaria service utilization
controlling for malaria service readiness (Research Question 4). These relationships are also
detailed and labeled in the conceptual model that guides the empirical approach (Figure 1).
There are four steps involved in the Baron and Kenny approach to establishing mediation.
In summary if both Pathway A and B in Figure 3 are statistically significant and the magnitude of
Pathway C is attenuated compared to Pathway C’, then M is deemed a mediator of the
relationship between X and Y.144 Therefore, this approach first determines the extent to which
health aid affects malaria service utilization (Pathway C, also Equation 1 below and Research
Question 1). Second, this approach evaluates the association between health aid and malaria
service readiness (Pathway A, Equation 2, and Research Question 2). Third, this approach
determines the effects of malaria service readiness on health service utilization adjusting for
health aid (Pathway B, Equation 3, Research Question 3). Finally, the effect of health aid on
malaria service utilization controlling for malaria service readiness is assessed (Pathway C’,
Equation 3, Research Question 4). Note Pathways B and C’ prime are calculated in the same
equation. In this context, if C’ is not statistically different from zero, the influence of X on Y is
assumed to be fully mediated by M. 144
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Figure 3: Mediation Model Relating Health Aid, Malaria Service Readiness, and Utilization

Step 1: Pathway C, Research Question 1
In Equation 1, a logistic regression was used to investigate the association between health
aid (HeathAidr) and an indicator for whether or not a child under 5 utilized malaria services. It
addresses the first research question: is the allocation of health aid positively associated with
utilization of malaria services among children under 5 years old? Informed by the conceptual
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model above, potential confounders adjusted for nighttime light intensity (Lightsr), population
(Populationr), area square km (Arear), mother’s education (Education), age of mother
(MotherAgem), age of child (ChildAgei), distance from health facility (Distancec), wealth index
(Wealthi), rural geographic classification (Locationc), and malaria ecology index (MEIc).
Equation 1

pr (Y  1| X ) 

exp( X )
1  exp( X 

where Xβ=

  1 HealthAid r  2 Lightsr  3 Arear  4 Populationr  5 Educationm  6 MothersAgem
7ChildAgei  8 Dis tan cec  9Wealthi  10 Ruralc  11MEI c   rcmi
and Y = received (1) finger or heel stick, (2) advice or treatment, (3) malaria artemisinin‐based
Combination Therapy (ACT), or (4) any malaria service use and r=region, c=DHS interview location
(cluster), m=mother, and i=child.

Step 2: Pathway A, Research Question 2
In Equation 2, multinomial logistic regression was used to address the second research
question of whether health aid is associated with health facility readiness to provide malaria
services. Terciles of low, medium, and high service readiness was defined using the distribution
of the Kernel Density Estimation. Since the outcome is ordinal, ordered logistic regression models
were fit but violated the proportional odds assumption using both a likelihood ratio test
(p<0.001) and a Brant test (p<0.001).145 When proportional odds are violated, multinomial logit
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is preferred to give consistent estimates and therefore, multinomial logistic was used in this
analysis.97
Equation 2

pr (Y  j ) 

exp( X  j )
j

 exp( X 

j

)

r

where Xβ=

  1 HealthAid r  2 Lightr  3 Arear  4 Populationr   r
and j=low, medium, and high malaria service readiness.
Step 3: Pathway B, Research Question 3
Equation 3 uses a logistic framework to investigate the association between levels of
malaria service readiness and whether or not a child under 5 received malaria diagnosis or
treatment while including measures of health aid. It addresses the third research question, is
utilization of malaria services influenced through increasing malaria facility readiness when
controlling for health aid?
Equation 3

pr (Y  1| X ) 

exp( X )
1  exp( X 
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where Xβ=

  1HealthAidr  2 Service Re adiness f  3 Lightr  4 Arear  5 Populationr  6 Educationm 
7 MothersAgem  8ChildAgei  9 Dis tan cec  10Wealthi  11Ruralc  12 MEI c  rfcmi
and Y = received (1) finger or heel stick, (2) advice or treatment, (3) malaria artemisinin‐based
Combination Therapy, (ACT) or (4) any malaria service use and r=region, f=facility, c=DHS
interview location (cluster), m=mother, and i=child.

Step 4: Pathway C’, Research Question 4
Equation 4 is a logistic model fit to investigate the association of health aid on malaria
service utilization controlling for malaria service readiness. It answers the final research question,
is health aid positively associated with utilization of malaria treatment controlling for service
utilization? If evidence of potential mediation exists I will formally test it using a Sobel test, which
tests whether facility readiness carries the influence of health aid to utilization outcomes .146

Equation 4

pr (Y  1| X ) 

exp( X )
1  exp( X 

where
Xβ=

  1 HealthAidr  2 Service Re adiness f  3 Lightr  4 Arear  5 Populationr  6 Educationm 
7 MothersAgem  8ChildAgei  9 Dis tan cec  10Wealthi  11 Ruralc  12 MEI c  rfcmi
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and Y = received (1) finger or heel stick, (2) advice or treatment, (3) malaria artemisinin‐based
Combination Therapy (ACT), or (4) any malaria service use and r=region, f=facility c=DHS
interview location (cluster), m=mother, and i=child.

RESULTS
In this section, I first describe malaria service readiness indicators followed by the individual
characteristics of the children using the malaria services. I then present adjusted results from the
mediation approach.
Summary Statistics of Facility Readiness to Provide Malaria Services
Among the 956 facilities in Malawi in 2013, 49% were health centers, followed by
dispensaries (39%) and hospitals (12%). The availability of malaria services varied by type of
facility, with hospitals and health centers generally having many of the indicators comprising the
malaria service readiness index and dispensaries having few (Table 4). Common across all facility
types were diagnostic capacity and the availability of first‐line medicine to treat malaria; while
having a staff member recently trained in rapid diagnostic testing (RDT) or microscopy was less
common in hospitals and health centers, and rare in dispensaries. Hospitals and health centers
were similar in the availability of services with the exception of personnel recently trained in
malaria diagnosis and/or treatment, in which hospitals were more likely (79%) to have trained
staff than health centers (56%). Dispensaries had high RDT and microscopy diagnostics (95%) and
first‐line medicine (91%), but were limited in all other types of malaria services. A little less than
one‐third of government, Christian Health Association of Malawi (CHAM), and mission/faith
based facilities are malaria‐service ready compared to only 9% in privately managed facilities.
Readiness was lowest in the south west (18%) and highest in the central east (35%). Overall only
35% of facilities had full diagnostic capacity.
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Table 4: Malaria Treatment in Facilities Offering Curative Care to Children (%)
(5)
(4)
(3)
(2)
(1)
First‐line
Malaria
Malaria
Either
Either
Treatment Treatment
RDT
Malaria RDT Malaria RDT
Medicine
or Malaria Protocol Guidelines
or Malaria
Microscopy Microscopy
Training
Diagnostics

(6)
Trained
Personnel

(7)
Malaria
Diagnostic
Capacity

(8)
Malaria
Service
Readiness
Index

Facility Type
Hospital
Health Center
Dispensary

99
99
95

77
61
37

76
67
49

73
71
51

99
100
91

79
56
36

54
43
20

42
29
12

Managing Authority
Government
CHAM
Private
Mission/Faith Based
NGO
Company

97
100
97
100
96
100

62
58
37
71
53
31

67
68
42
57
60
49

70
72
47
43
55
54

96
100
95
100
96
95

59
54
36
71
47
35

45
39
17
43
33
20

31
29
9
29
16
11

Region
Northern
Central East
Central West
South East
South West
Total

99
99
96
99
97
98

51
64
59
52
45
53

69
65
53
54
63
60

65
70
59
64
62
63

98
99
95
97
95
96

49
64
59
44
44
51

38
45
35
32
32
35

24
35
24
22
18
24
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Table 4: Malaria Treatment in Facilities Offering Curative Care to Children (%)
(5)
(4)
(3)
(2)
(1)
First‐line
Malaria
Malaria
Either
Either
Treatment Treatment
RDT
Malaria RDT Malaria RDT
Medicine
or Malaria Protocol Guidelines
or Malaria
Microscopy Microscopy
Training
Diagnostics

(6)
Trained
Personnel

(7)
Malaria
Diagnostic
Capacity

(8)
Malaria
Service
Readiness
Index

Note: Hospitals include central, district, rural, and other hospitals; Health centers include maternity centers; and dispensaries include clinic
and health posts. (1) Interviewer observed RDT being conducted OR providers in facility diagnose malaria OR providers in the facility prescribe
treatment for malaria, facility had malaria microscopy capacity defined as a facility had functioning microscope with glass slides and relevant
stains for malaria microscopy available somewhere in the facility, facility had RDT capacity defined as the facility having an unexpired malaria
rapid diagnostic test (RDT) kit available somewhere in the facility. (2) Facility had at least one interviewed provider of child curative care
services who reported receiving in‐service training on malaria RTD or malaria microscopy during the 24 months preceding the assessment. The
training must have involved structured sessions; it does not include individual instruction that a provider might have received during routine
supervision. (3) Training manual, poster, or other job aid for using malaria RDT observed OR reported. (4) National OR other guidelines for the
diagnosis and treatment of malaria in the facility service area observed. (5) Facility had at least one of the following valid, antimalarial
medicines available: artemether lumefantrine: 6,12,18, OR 24 tablets, Fansidar, quinine tablets, quinine injection, injectable artesunate,
artesunate suppositories, other anti‐malaria medicine, artemether‐amodiaquine 25mg,50mg, OR 100 mg. (6) Facility had at least one
interviewed provider of child curative care services who reported receiving in‐service training in: diagnosis malaria in adults OR children, how
to perform malaria RDT, treatment of malaria in adults, treatment of malaria during pregnancy, intermittent preventive treatment of malaria
in pregnancy, treatment of malaria in children. (7) Facility had either malaria RDT or microscopy, either malaria RDT or microscopy training,
AND malaria RDT protocol. (8) Facility had malaria RDT or microscopy, either malaria RDT or microscopy training, malaria treatment
guidelines, first‐line treatment medicine, AND trained personnel.
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Sample Characteristics
Figure 4 describes malaria service utilization in the sample. Of the 2,171 children under 5
in the sample, 17% received any malaria services. Utilization patterns were similarly low between
heel or finger sticks and receiving ACT. Among the children in the sample, only 7% received a
finger or heel stick and 10% received ACT.
Figure 4: Percentage of children using facility based malaria services
18

(n=353)
(n=333)

16
14
12

Percent

(n=210)
10
8

(n=142)

6
4
2
0
Any Malaria Services

Sought Advice or Treatment

Received ACT

Heel or Finger Stick

Measures of Malaria Service Utilization

Note: Categories are not mutually exclusive. Children could have utilized more than one type of malaria service

Table 5 reports descriptive statistics of the individual determinants based on predisposing,
enabling, and need factors from the conceptual model. Children under 5 were mostly living in
rural locations (75%), were equally distributed across years of age and levels of household wealth,
and had limited access to health facilities in terms of travel distance (29% of the sample were
within 2km of a facility). The mean level of the Malaria Ecology Index was 0.310 and was similar
in both urban and rural locations with a mean level of risk of 0.274 in urban locations and 0.312
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in rural location. Consistent levels of malaria risk across Malawi is not surprising and suggests
malaria is endemic across Malawi. The Malaria Ecology Index measures the intensity of malaria
risk and is best interpreted using measures of malaria risk throughout the world as a
comparison.147 For example, the MEI in an area of low malaria risk such as Virginia is
approximately 0.025‐0.5 compared to an MEI of 6‐13 in a country with high malaria risk such as
the Democratic Republic of the Congo.136
Table 5: Individual Determinants of Children
under 5 by Predisposing, Enabling, and Need
Factors (n=2,118)
%
Predisposing Factors
Mothers Education Level
None
Primary
Secondary
Higher

19
64
16
1

Mothers Age
<20
20–34
35–49

6
76
18

Child's Age
<1
1
2
3
4

20
22
20
19
19

Enabling Factors
Distance from Health Facility
2km
5km
10km

29
35
36

Wealth Index
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Table 5: Individual Determinants of Children
under 5 by Predisposing, Enabling, and Need
Factors (n=2,118)

poorest
poorer
middle
richer
richest

%
20
19
19
19
23

Geographic Location
urban
rural

25
75
Mean (SD)

Need Factors
Malaria Ecology Index

.310 (.262)

Adjusted Associations between Health Aid and Utilization (Step 1: Pathway C)
Table 6 presents odds ratios for the adjusted association between health aid and malaria
service utilization. Row 1 presents the adjusted association of health aid across malaria utilization
outcomes and suggests that health aid has a negative or no association with children’s use of
malaria services, but these associations are not significant. Using heel stick (Column 2) as an
example, the odds (OR=0.967; 95% CI 0.882 to 1.060) of receiving a heel or finger stick are 4%
lower for each additional health aid project in the region. According to the Baron and Kenney
mediation approach, Step 1 typically would necessitate a significant association between health
aid and malaria service utilization to justify continuing the mediation analysis. In recent years,
the literature has supported dropping the Step 1 requirement that Pathway C, or the “total
effect” is significant to assess mediation.148 Recent studies have demonstrated mediation
analyses provide explanatory value and should be pursued even when the total effect is not
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statistically significant 148‐150 In addition, if the “total effect” of health aid on utilization of malaria
services is not significant, there may be practical or theoretical reasons for estimating mediating
effects.151 In the case of this study, identifying the association between health aid and malaria
service readiness still has scientific merit in order to understand which components of the malaria
health care system need to be strengthened or require improved measurement.151
Table 6: Logistic Regression Models to Investigate the Association between Health Aid and Utilization
(N=2,118)
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving ACT
Any Malaria
Treatment
Stick
Services
VARIABLES
Health Aid (project count)
Nighttime Lights
Population
Area (square km)

OR (95% CI)

OR (95% CI)

OR (95% CI)

OR (95% CI)

0.957
(0.900–1.018)
0.989
(0.848–1.152)
1.000**
(1.000–1.000)
1.009**
(1.001–1.017)

0.967
(0.882–1.060)
1.029
(0.828–1.277)
1.000**
(1.000–1.000)
1.016***
(1.005–1.028)

1.001
(0.933–1.073)
1.092
(0.904–1.319)
1.000
(1.000–1.000)
1.008
(0.998–1.019)

0.976
(0.920–1.035)
0.974
(0.838–1.132)
1.000**
(1.000–1.000)
1.007*
(0.999–1.015)

1.255
(0.890–1.771)
1.531*
(0.978–2.395)
0.834
(0.180–3.871)
1.004
(0.985–1.023)
0.892**
(0.817–0.974)

1.555
(0.894–2.704)
2.043**
(1.041–4.012)
2.406
(0.478–12.097)
0.996
(0.968–1.025)
0.890*
(0.783–1.012)

1.239
(0.824–1.865)
1.509
(0.873–2.610)
0.941
(0.116–7.618)
1.004
(0.981–1.028)
0.968
(0.871–1.075)

1.294
(0.923–1.813)
1.558**
(1.004–2.417)
0.829
(0.179–3.841)
0.996
(0.978–1.015)
0.904**
(0.829–0.984)

0.957
(0.906–1.010)

0.921*
(0.845–1.003)

0.953
(0.892–1.017)

0.957
(0.907–1.009)

1.304
(0.889–1.911)
0.982

1.062
(0.612–1.844)
0.704

0.961
(0.620–1.488)
0.666*

1.280
(0.883–1.854)
0.961

Mothers Education
primary
secondary
higher
Age of mother
Age of Child
Distance from nearest
health facility
Wealth Index
poorer
middle
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Table 6: Logistic Regression Models to Investigate the Association between Health Aid and Utilization
(N=2,118)
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving ACT
Any Malaria
Treatment
Stick
Services
VARIABLES
richer
richest
Geographic Classification
rural
Malaria Ecology Index
Constant

OR (95% CI)

OR (95% CI)

OR (95% CI)

OR (95% CI)

(0.658–1.465)
1.135
(0.764–1.685)
1.095
(0.688–1.741)

(0.386–1.287)
0.778
(0.435–1.392)
0.795
(0.414–1.526)

(0.414–1.071)
0.939
(0.599–1.471)
0.695
(0.393–1.229)

(0.652–1.416)
1.129
(0.769–1.658)
1.081
(0.687–1.702)

1.002
(0.668–1.502)
2.589***
(1.577–4.248)
0.062***
(0.021–0.177)

0.694
(0.401–1.200)
2.273**
(1.112–4.646)
0.024***
(0.005–0.113)

1.442
(0.858–2.425)
2.074**
(1.139–3.775)
0.037***
(0.010–0.134)

1.136
(0.761–1.697)
2.496***
(1.535–4.056)
0.077***
(0.027–0.215)

Reference group includes no education, poorest, and urban geographic
location.
*** p<0.01, ** p<0.05, * p<0.1

Among other measures in the conceptual model, nighttime light intensity, age of mother,
and the wealth index were not significantly associated with utilization outcomes. Although not
the key independent variables of interest, I did find significant association between utilization
and individual characteristics within each of the utilization types (advice or treatment,
medication, heel/finger stick, any malaria services). Specifically, mother’s secondary education
(OR=1.531; 95% CI 0.978 to 2.395) and the Malaria Ecology Index (OR=2.589; 95% CI 1.577 to
4.248) were positive and significantly associated with seeking advice or treatment. As expected,
a year increase in the age of child resulted in a significant decrease of 11% in the odds of a mother
seeking advice or treatment (OR=0.892; 95% CI 0.817 to 0.974). Focusing on heel stick, we see
that secondary education (OR=2.043; 95% CI 1.041 to 4.012) is significant and positive. Children
had lower odds (8%) of receiving a heel or finger stick per additional kilometer further in distance
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away from a health facility. In regard to receiving malaria medication, the odds increased nearly
two‐fold with a one unit increase in MEI (OR=2.074; 95% CI 1.139 to 3.775). Finally, secondary
education (OR=1.558; 95% CI 1.004 to 2.417), the age of the child (OR=0.904; 95% CI 0.829 to
0.984), and the MEI (OR=2.496; 95% CI 1.535 to 4.056) were significant predictors of children
receiving any malaria services.
Adjusted Associations between Health Aid and Facility Readiness to Deliver Malaria Services
(Step 2: Pathway A)
Using a multinomial logistic regression model, Table 7 presents results in the form of
relative risk ratios testing adjusted associations between health aid and overall malaria service
readiness as well as for diagnostic and training readiness. Columns 1 and 2 present overall facility
readiness to deliver malaria services and indicate that increasing the number of aid projects in a
region is associated with statistically significant lower levels of malaria readiness. This is also true
for malaria training readiness (Columns 5 and 6), but not malaria diagnostic readiness (Columns
3 and 4), where results indicate a positive relationship between increasing aid and diagnostic
capacity. More specifically, examining overall malaria service readiness (Column 1) if health aid
to a region was to increase by one project, the relative risk for medium readiness relative to low
readiness would be expected to decrease by a factor of 0.794 (95% CI 0.751 to 0.839). More
generally, we can say that if health aid increases in a region by one project, we would expect the
relative risk of having a medium level of readiness instead of a low level of readiness to decrease
by 21%. This overall finding is also consistent for high readiness facilities compared to the low
readiness categories (RR=0.954; 95% CI 0.904 to 1.007).
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Among readiness to provide diagnostic services results indicate a positive association
between aid and diagnostic capacity (Columns 3 and 4). Results indicate that increasing an aid
project in a region by one is associated with a 12% increase in the relative risk a facility has a
medium level of diagnostic readiness (RR=1.118; 95% CI 1.060 to 1.179) and a 23% increase in
the relative risk that a facility has a high level of readiness (RR=1.230; 95% CI 1.161 to 1.303)
compared to being a facility with low readiness. When examining Malaria training readiness
(Columns 5 and 6) results indicate a negative association between aid and training readiness.
Increasing an aid project in a region by one is associated with an 8% decrease in the relative risk
a facility has a medium level of training readiness (RR=0.925; 95% CI 0.879 to 0.974), and results
indicate no change among high readiness facilities (RR=1.016; 95% CI 0.959 to 1.076) relative to
being a facility with low readiness.
Referring to the Baron and Kenney model, results from Step 2 indicate a significant
relationship between aid and diagnostic service readiness, but not overall malaria readiness or
training readiness. Further, these results appear to present conflicting evidence of the
association between health aid and facility readiness such that aid appears inversely associated
with facility readiness overall but positively associated with diagnostic capacity. This finding is
interesting for several reasons. First, it indicates that health aid is translating to increased malaria
diagnostic capacity. Early and accurate diagnosis of malaria is essential for both disease
management as well as control of malaria.152 Diagnosis is also important, because not every fever
contributes to malaria. Due to increasing concerns related to drug resistance, presumptive
treatment is no longer recommended unless diagnostic tests are not accessible.152 Second, the
finding that aid is translating into diagnostic capacity, but not overall facility readiness, highlights
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a gap that could significantly impact the quality and accessibility of malaria diagnosis. A 2009
study, in Angola, found evidence that health workers resistance to the results of laboratory
results was mainly due to the lack of trust in the way the tests were performed.153 An additional
study found that manufacturer’s instructions provided with the RDTs are insufficient to ensure
accurate use, but well‐designed training can ensure high performance.154 The results of this
finding highlight the fact that health aid is working to increase malaria diagnostic capacity, but
that without facility readiness to implement the diagnostic tests the quality and accessibility of
the diagnosis is most likely limited.
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Table 7: Results of Multinomial Logit Regression of Health Aid on Average Readiness to Deliver Malaria Services (N=2,118)
Overall Malaria Service Readiness Index
Malaria Diagnostic Readiness
Malaria Training Readiness Index
Index
(1)
(2)
(3)
(4)
(5)
(6)
Medium
High
Medium
High
Medium
High
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
VARIABLES
Health Aid (Project Count)
Nighttime Lights
Population
Area (square km)
Constant

0.794***
(0.751–0.839)
1.417***
(1.182–1.698)
0.972***
(0.960–0.984)
1.000***
(1.000–1.000)
12.027***
(4.525–31.966)

0.954*
(0.904–1.007)
1.748***
(1.465–2.084)
0.944***
(0.933–0.955)
1.000**
(1.000–1.000)
33.339***
(12.756–87.136)

1.118***
(1.060–1.179)
1.574***
(1.223–2.026)
0.992*
(0.983–1.001)
1.000***
(1.000–1.000)
1.262
(0.599–2.658)

1.230***
(1.161–1.303)
2.515***
(1.979–3.197)
0.968***
(0.960–0.976)
1.000***
(1.000–1.000)
2.576***
(1.284–5.171)

0.925***
(0.879–0.974)
9.878***
(5.828–16.744)
0.977***
(0.965–0.989)
1.000***
(1.000–1.000)
8.074***
(2.943–22.147)

Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness.
*** p<0.01, ** p<0.05, * p<0.1
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1.016
(0.959–1.076)
13.275***
(7.804–22.581)
0.943***
(0.931–0.954)
1.000***
(1.000–1.000)
36.801***
(13.740–98.567)

Adjusted Associations between Health Aid, Malarial Readiness, and Utilization (Steps 3 & 4:
Pathways B and C’)
Tables 8–10 are one table split into three tables for clarity and indicate that when both malaria
service readiness and aid were taken into account there is little significant association with
utilization. Generally, facilities with a medium level of overall diagnostic and training readiness
are positively associated with children’s use of malaria services, but the results are not significant.
Results indicate a weak significant association (p<0.10) in the odds of children receiving a heel or
finger stick was 59% higher in facilities with a medium level of readiness compared to low
readiness facilities (OR=1.598; 95% CI 0.915 to 2.793). However, this weak association was not
apparent in facilities with a high level of readiness. Among facilities with a high level of readiness
the odds of receiving ACT was 45% lower than in low levels of facilities (OR=0.559, 95% CI 0.310
to 1.007), but again, this association was weak (p<0.10). This result is not surprising given the fact
that 96% of health facilities in Malawi had full capacity to provide first‐line treatment medicine.
It is possible that individuals could seek effective treatment from facilities with a lower level of
readiness.
Turning to the other independent variable of interest, health aid, results indicate that
health aid tends to be negatively associated with all utilization outcomes. However, again these
results are not statistically significant. Referring back to the Baron and Kenny model, findings
indicate that the coefficient for Pathway B was significant in two cases of overall malaria service
readiness (Columns 2 and 3, Table 8). The results also suggest that both Pathways C and C’ are
similar and not statistically different from zero suggesting there is neither a direct nor indirect
(i.e., mediated via facility readiness) association between health aid and malaria service
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utilization. Therefore, mediation was not formally tested using a Sobel test.146 If there was
evidence of perfect mediation than I would have expected c’ to equal 0 indicating that the
strength in the relationship between health aid and utilization was weakened by including
malaria service readiness. If c’ was less than c then it would identify the lever through which aid
and utilization operate.
Table 8: Logistic Regression Models to Investigate the Association between Overall Malaria Service
Readiness, Health Aid, and Utilization (N=2,118)
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving ACT
Any Malaria
Treatment
Stick
Services
VARIABLES
Overall Malaria Service
Readiness
Medium
High
Health Aid

(project count)

Nighttime Lights
Population
Area (square km)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

1.100
(0.767–1.576)
0.816
(0.502–1.329)
0.963
(0.904–1.027)
0.992
(0.850–1.157)
1.000**
(1.000–1.000)
1.009**
(1.001–1.017)

1.598*
(0.915–2.793)
1.060
(0.500–2.246)
0.988
(0.898–1.087)
1.026
(0.824–1.277)
1.000*
(1.000–1.000)
1.017***
(1.005–1.028)

0.952
(0.625–1.451)
0.559*
(0.310–1.007)
1.004
(0.933–1.080)
1.104
(0.913–1.336)
1.000
(1.000–1.000)
1.009
(0.998–1.019)

1.089
(0.768–1.545)
0.830
(0.519–1.328)
0.982
(0.923–1.043)
0.977
(0.840–1.137)
1.000**
(1.000–1.000)
1.007*
(0.999–1.015)

1.257
(0.890–1.775)
1.527*
(0.975–2.392)
0.840
(0.181–3.911)
1.004
(0.985–1.023)
0.895**
(0.820–0.977)

1.573
(0.904–2.737)
2.045**
(1.039–4.028)
2.471
(0.490–12.468)
0.996
(0.968–1.025)
0.896*
(0.787–1.019)

1.234
(0.819–1.860)
1.503
(0.867–2.607)
0.935
(0.115–7.616)
1.004
(0.981–1.028)
0.973
(0.875–1.082)

1.296
(0.924–1.817)
1.555**
(1.001–2.414)
0.835
(0.180–3.876)
0.996
(0.978–1.015)
0.906**
(0.832–0.988)

Mothers Education
primary
secondary
higher
Age of mother
Age of Child
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Table 8: Logistic Regression Models to Investigate the Association between Overall Malaria Service
Readiness, Health Aid, and Utilization (N=2,118)
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving ACT
Any Malaria
Treatment
Stick
Services
VARIABLES
Distance from nearest
health facility

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

0.953
(0.889–1.021)

0.947
(0.852–1.053)

0.926*
(0.853–1.006)

0.953
(0.891–1.019)

1.311
(0.894–1.922)
0.990
(0.663–1.479)
1.147
(0.772–1.704)
1.110
(0.697–1.765)

1.070
(0.616–1.859)
0.724
(0.396–1.324)
0.786
(0.439–1.408)
0.835
(0.434–1.604)

0.970
(0.626–1.503)
0.667*
(0.415–1.073)
0.960
(0.612–1.506)
0.698
(0.395–1.236)

1.286
(0.887–1.864)
0.969
(0.657–1.429)
1.141
(0.777–1.677)
1.094
(0.694–1.723)

0.848
(0.535–1.342)
2.606***
(1.583–4.290)

0.568*
(0.303–1.065)
2.319**
(1.116–4.818)

1.038
(0.573–1.880)
2.091**
(1.141–3.830)

0.976
(0.621–1.535)
2.507***
(1.538–4.087)

Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural
Malaria Ecology Index

Constant

0.070***
0.018***
0.064***
0.087***
(0.021–0.233)
(0.003–0.108)
(0.015–0.281)
(0.027–0.282)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria
training readiness, no education, poorest, and urban geographic location.
*** p<0.01, ** p<0.05, * p<0.1

Table 9: Logistic Regression Models to Investigate the Association between Malaria Diagnostic Service
Readiness, Health Aid, and Utilization (N=2,118)
Malaria Diagnostic Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
Malaria Diagnosis Readiness
Medium

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

1.182

1.299

1.080

1.134
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Table 9: Logistic Regression Models to Investigate the Association between Malaria Diagnostic Service
Readiness, Health Aid, and Utilization (N=2,118)
Malaria Diagnostic Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
High
Health Aid (project count)
Nighttime Lights
Population
Area (square km)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

(0.855–1.633)
1.066
(0.712–1.597)
0.956
(0.899–1.018)
0.989
(0.837–1.167)
1.000**
(1.000–1.000)
1.008**
(1.000–1.017)

(0.806–2.091)
0.809
(0.443–1.477)
0.972
(0.886–1.066)
1.094
(0.865–1.383)
1.000*
(1.000–1.000)
1.016***
(1.004–1.027)

(0.733–1.591)
0.912
(0.557–1.491)
1.003
(0.935–1.077)
1.119
(0.911–1.374)
1.000
(1.000–1.000)
1.008
(0.997–1.019)

(0.827–1.554)
1.048
(0.707–1.554)
0.975
(0.919–1.035)
0.974
(0.828–1.147)
1.000**
(1.000–1.000)
1.007
(0.999–1.014)

1.238
(0.876–1.749)
1.515*
(0.967–2.374)
0.823
(0.177–3.826)
1.004
(0.985–1.024)
0.891**
(0.817–0.973)

1.518
(0.870–2.649)
2.047**
(1.039–4.033)
2.462
(0.490–12.374)
0.997
(0.969–1.027)
0.890*
(0.782–1.012)

1.234
(0.818–1.861)
1.516
(0.874–2.628)
0.949
(0.117–7.693)
1.005
(0.982–1.028)
0.968
(0.871–1.076)

1.280
(0.912–1.796)
1.545*
(0.994–2.401)
0.821
(0.177–3.807)
0.997
(0.978–1.016)
0.903**
(0.829–0.984)

0.966
(0.907–1.028)

0.920*
(0.836–1.014)

0.951
(0.882–1.025)

0.964
(0.907–1.024)

1.306
(0.891–1.914)
0.980
(0.656–1.462)
1.138
(0.766–1.689)
1.102
(0.693–1.753)

1.076
(0.619–1.870)
0.718
(0.393–1.314)
0.788
(0.441–1.410)
0.819
(0.426–1.574)

0.962
(0.621–1.489)
0.667*
(0.415–1.074)
0.941
(0.600–1.474)
0.697
(0.394–1.234)

1.281
(0.884–1.856)
0.959
(0.650–1.415)
1.131
(0.771–1.661)
1.086
(0.690–1.711)

Mothers Education
primary
secondary
higher
Age of mother
Age of Child

Distance from nearest health
facility
Wealth Index
poorer
middle
richer
richest
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Table 9: Logistic Regression Models to Investigate the Association between Malaria Diagnostic Service
Readiness, Health Aid, and Utilization (N=2,118)
Malaria Diagnostic Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
Geographic Classification
rural

Malaria Ecology Index

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

0.977
(0.649–1.470)

0.641
(0.370–1.113)

1.411
(0.837–2.377)

1.115
(0.745–1.671)

2.553***
(1.540–4.235)

2.030*
(0.981–4.199)

1.979**
(1.071–3.655)

2.470***
(1.504–4.055)

Constant

0.057***
0.028***
0.041***
0.073***
(0.018–0.177)
(0.005–0.148)
(0.010–0.167)
(0.024–0.220)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria
training readiness, no education, poorest, and urban geographic location.
*** p<0.01, ** p<0.05, * p<0.1

Table 10: Logistic Regression Models to Investigate the Association between Malaria Training
Service Readiness, Health Aid, and Utilization (N=2,118)
Malaria Training Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES

Malaria Training Readiness
Medium
High
Health Aid (project count)
Nighttime Lights
Population
Area (square km)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

1.259
(0.878 –1.804)
0.852
(0.504 –1.440)
0.964
(0.906 –1.026)
1.010
(0.863 –1.183)
1.000**
(1.000 –1.000)
1.009**

1.433
(0.820 –2.506)
1.197
(0.548 –2.617)
0.972
(0.887 –1.066)
1.023
(0.819 –1.280)
1.000**
(1.000 –1.000)
1.016***

1.137
(0.743 –1.739)
0.728
(0.390 –1.359)
1.007
(0.939 –1.081)
1.126
(0.927 –1.368)
1.000
(1.000 –1.000)
1.008

1.263
(0.890 –1.791)
0.846
(0.509 –1.408)
0.983
(0.926 –1.043)
0.996
(0.853 –1.164)
1.000*
(1.000 –1.000)
1.006
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Table 10: Logistic Regression Models to Investigate the Association between Malaria Training
Service Readiness, Health Aid, and Utilization (N=2,118)
Malaria Training Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

(1.000 –1.017)

(1.005 –1.028)

(0.997 –1.019)

(0.999 –1.014)

1.243
(0.881 –1.755)
1.522*
(0.972 –2.385)
0.854

1.229
(0.816 –1.850)
1.516
(0.875 –2.626)
0.968

1.282
(0.914 –1.798)
1.551*
(0.998 –2.409)
0.850

(0.184 –3.968)
1.004
(0.985 –1.023)
0.896**
(0.821 –0.979)

1.544
(0.887 –2.686)
2.023**
(1.030 –3.977)
2.422
(0.482 –
12.185)
0.996
(0.968 –1.025)
0.893*
(0.785 –1.016)

(0.120 –7.833)
1.004
(0.981 –1.027)
0.973
(0.875 –1.082)

(0.183 –3.940)
0.996
(0.977 –1.015)
0.908**
(0.833 –0.989)

0.963
(0.898 –1.032)

0.947
(0.850 –1.055)

0.947
(0.872 –1.030)

0.963
(0.900 –1.031)

1.307
(0.891 –1.918)
0.982
(0.657 –1.467)
1.130
(0.760 –1.679)
1.109
(0.696 –1.765)

1.076
(0.619 –1.871)
0.707
(0.387 –1.293)
0.775
(0.433 –1.386)
0.818
(0.426 –1.571)

0.955
(0.616 –1.481)
0.661*
(0.411 –1.063)
0.938
(0.599 –1.471)
0.697
(0.393 –1.235)

1.283
(0.885 –1.862)
0.961
(0.651 –1.418)
1.125
(0.766 –1.653)
1.094
(0.694 –1.724)

0.831
(0.526 –1.312)
2.477***
(1.504 –4.079)

0.650
(0.349 –1.211)
2.187**
(1.067 –4.485)

1.157
(0.648 –2.064)
1.995**
(1.090 –3.650)

0.940
(0.599 –1.473)
2.384***
(1.462 –3.890)

Mothers Education
primary
secondary
higher

Age of mother
Age of Child
Distance from nearest
health facility
Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural
Malaria Ecology Index

Constant

0.071***
0.019***
0.052***
0.089***
(0.021 –0.239) (0.003 –0.112) (0.012 –0.231) (0.027 –0.294)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low
malaria training readiness, no education, poorest, and urban geographic location
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Table 10: Logistic Regression Models to Investigate the Association between Malaria Training
Service Readiness, Health Aid, and Utilization (N=2,118)
Malaria Training Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
OR(95% CI)
VARIABLES
*** p<0.01, ** p<0.05, * p<0.1

OR(95% CI)

OR(95% CI)

OR(95% CI)

SENSITIVITY ANALYSIS
Sensitivity to Clustered Standard Errors
An assumption of logistic regression is independence of error terms. Failure to control for
correlations can lead to misleadingly small standard errors and consequently narrow confidence
intervals, and low p‐values.97 To address this concern, within household correlations were
accounted for by clustering standard errors at the household level. Results from within
household correlations are presented in appendix (Tables B.6‐B.10) and remain qualitatively the
same as the main specifications with the exception of Tables B.8‐B.10 where the weak
associations identified in Tables 8–10 are no longer present.
Temporality and Sensitivity to Endogeneity
If health aid and facility readiness determine each other simultaneously, then there is an
endogeneity problem in the relationship that needs to be checked. If this is the case, then
standard estimation procedures, which assume that health aid is exogenous, will produce
inconsistent estimates of the parameters.97 It seems logical that even if causality exits in both
directions, it does not occur instantaneously, but with a time lag. Enough time may not have
elapsed for changes to occur in facility readiness that influence utilization. Examining aid in the
aggregate may explain the null results found in this research. It is not possible to test the
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sensitivity around readiness and utilization due to the timing of the DHS surveys. However,
sensitivity around aid and readiness could be tested by examining aid in two bins of early and
late aid. Early aid was defined as aid health aid with a completion date of 2005–2010 and late aid
was health aid with a completion date of 2011 and 2012. Bins were defined based on project
counts and with the purpose of creating a bin of five years of pre‐utilization aid.13 F‐tests were
used to test if coefficients of early and late aid were equal for all regressions with significant
coefficients. Results indicate that there is a significant difference in the coefficients for early and
late aid, therefore future research could apply the Granger‐causality test to examine the
statistical significance of lagged values of health aid.97,155
Results including bins of early and late aid in the specifications are presented in appendix
Tables B.11‐B.15 and indicate that it is appropriate for future research to consider binning aid
into early and late periods. Referring back to the Baron and Kenny model, findings indicate that
health aid is associated with utilization (Table B.11, Columns 1–4; Step 1) and that health aid is
correlated with malaria facility readiness (Table B.12, Columns 1–5; Step 2). The results provide
limited evidence that facility readiness was significant in two cases of overall malaria service
readiness (Table B.13, Columns 2 and 3, Step 3). Although limited, there is some evidence of
significant relationships from Steps 1 through 3, which could indicate partial mediation is
observed in the data. In Step 4, full mediation is supported if the effect of health aid on utilization
controlling for facility readiness (C’) is zero. Table B.13 indicates that health aid is not zero and,
therefore, consistent with the main specification; full mediation is not supported when binning

13

Within the AidData data set there were no health projects recorded during 2007.
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health aid into early and late periods. Again, although the evidence of partial mediation is weak,
future research could calculate the indirect effect using the Sobel method.146
Sensitivity to Moderation
It is possible that facility readiness does not explain the relationship between health aid
and utilization (mediation). It is possible that facility readiness influences the strength of the
relationship between health aid and utilization (moderation).156 In order to examine moderation
I interacted health aid and facility readiness. Given the relatively small number of project counts
in each region, I collapsed aid into three categories, then two categories and convergence were
not achieved indicating that the validity of the model fit was uncertain. Therefore, results are not
included in the appendix.
Sensitivity to Kernel Density Estimation Bandwidth
An appropriate bandwidth can produce estimated densities of facility readiness close to
the true density; however, a poorly chosen bandwidth can severely distort the true underlying
features of the density.157 To address this concern, I created a surface using a Quartic kernel with
an adaptive bandwidth selected based on minimizing the mean square error. Figures B.2 and B.3,
located in the appendix, show the resulting output of bandwidth estimation for hospitals, health
centers, and dispensaries. Results indicate an optimal bandwidth of 250 for all facility types. This
bandwidth was used to generate a new surface that was used in estimation of Steps 2 through 4
of the Baron and Kenny approach (Appendix B.16‐B.19).14 Results indicate that there is a
statistically significant negative relationship between health aid and overall, diagnostic, and

14

Step 1, which examines the association between health aid and utilization, was not estimated for this sensitivity
analysis, because it does not include the malaria service readiness index.
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training readiness. Steps 3 and 4 differ in magnitude but remain qualitatively similar in terms of
direction to those in the main specification. Readers should be aware that multiple approaches
to bandwidth estimation exist. Although, KDE is a useful way to consider facility readiness, in
future research it is necessary to estimate the bandwidth several ways to ensure the optimal size
is selected.

DISCUSSION
Designing health aid policies that are effective, defined as targeting health aid to improve
health outcomes, requires a better understanding of how health aid and facility readiness to
provide malaria services influence utilization of malaria services. This research uses a mediation
approach, disaggregated data on health aid, data from nationally representative household and
health facility surveys, and links malaria facility information to malaria service use at the child
level. While existing literature has examined the effect of facility readiness to provide
contraceptive services as well as facility readiness to provide delivery care, these studies do not
consider the role of health aid.119,158 Further, there is a considerable lack of knowledge on the
effect of health aid on the readiness of facilities to provide malaria services and on malaria service
utilization in sub‐Saharan Africa. This study sought to inform aid allocation strategies designed to
strengthen malaria service delivery in Malawi using a theoretically driven health services
approach but found limited evidence that health aid relates to malaria health service utilization
through its influence on increasing malaria facility readiness in a defined service area.
The evidence presented suggests that utilization of malaria services among children under
5 living in Malawi is low even though children typically live within 5km from a health facility,
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which is thought to increase access to malaria prevention.159 Further, almost all types of health
facilities had diagnostic capacity as well as ACT available, but there was limited capacity in terms
of training and protocols. Using a mediation approach popularized by Baron and Kenney and
rooted by the Andersen‐Aday conceptual framework for health services utilization, this study
found little support for the overarching hypothesis that health aid boosts a facility’s readiness to
provide malaria services and then facility readiness increases utilization of malaria services.
Although, the results did not find a significant association between health aid and service
utilization (Research Question 1), a positive association was found between health aid and certain
domains of facility readiness, namely malaria diagnostic capacity (Research Question 2).
Accurate and early diagnosis is one of the key strategies to control and prevent malaria and
confirmation that health aid influences readiness to provide early detection is notable.152 The
finding that health aid was positively associated with diagnostic capacity, but not positively
associated with overall facility readiness, indicates a clear gap for funders to consider when
developing future policies. In Malawi, health aid does contribute to the availability of diagnostic
tools, but without an overall facility readiness to implement these diagnostic tools the quality
and accessibility of malaria diagnosis is limited. Future funding policies should consider a
mechanism for comprehensive and consistent training in the use of diagnostic tools. This will
ensure that the available tools are being used appropriately and that the diagnostic capacity is
maximized through reliable testing.
Several limitations should be acknowledged when interpreting these results. First, as
previously mentioned, it is not possible to directly link the MIS to the facility. Therefore, kernel
density estimation was used to assign a density of malaria service readiness to each child.
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Although this method allows for the incorporation of distance decay as well as the possibility to
assign an aggregate measure of readiness to each child, it does not reflect the true travel distance
to the clinic. Second, this work is also based on the assumption that the decision to use a facility
is influenced by readiness of the facility to provide malaria services. Women may choose to use
other facilities for reasons that are not linked to service readiness.158 Third, the SPA and MIS data
were collected within one year of each other. Although this follows DHS guidelines for linking SPA
and MIS data, there is a possibility that data on malaria service availability collected during the
SPA survey differ from what they were at the time of the DHS survey.140 Fourth, the DHS data
describes the 2‐week period of prevalence of fever among children under 5. While a history of
fever is often strongly associated with malaria parasitaemia in malaria‐endemic countries, I
cannot be certain that all children that had a fever also had malaria. Fifth, I restrict the AidData
dataset to health aid projects that could feasibly have local impacts on malaria services and
utilization. However, I cannot subset the data to only include malaria specific funding. In addition,
AidData does not assign financial amounts to individual project locations. Many researchers
choose to divide the total aid amount equally across all activities. In order to test the sensitivity
of my results to other definitions of aid, I repeated the analysis defining health aid in terms of the
dollar amount across each region. The results of this analysis are presented in the appendix
(Appendix Tables B.1‐B.5) and were qualitatively similar to the more rigorous definition of aid
based on counts of health aid projects that were used in this study. Sixth, this analysis does not
explicitly control for government and private investments in health that are not funded by foreign
donors, which could bias estimates by underestimating the aid amount. However, the Malawi
government’s contribution to health expenditure is small compared to donors. In 2005/2006,
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foreign donors contributed US$15 per capita to Malawi’s health expenditure, while the
government contributed US$5 per capita.160 Moreover, ~90% of medication costs are covered by
donors.161 Consequently, any bias from excluding government funded interventions should be
minimal. Sixth, the cross‐sectional nature of both the SPA and the MIS prevent more rigorous
estimates of the influence of service readiness on service utilization. Specifically, I cannot
examine whether changes in health aid in a geographic region cause changes in malaria facility
readiness or utilization.
Despite these limitations, this study has several noteworthy strengths. First, this paper
linked facility census data and nationally representative household data to provide a more robust
assessment of whether and how health aid, facility readiness to provide malaria services, and the
use of malaria services relate.158 The use of KDE to join these data provides a methodological
improvement in the way the service environment was constructed and linked to household
survey data. Similar to Wang, but with a different empirical approach, my analysis incorporates
distance decay to measure the effect of the malaria service environment instead of only looking
at the closest facility, reducing the likelihood that individuals were misclassified to a specific
facility.158 Second, this is the first study to my knowledge to combine subnational aid flows with
individual‐ and facility‐level measures of malaria service availability and use. Third, the mediation
approach was innovative in its attempt to provide evidence on potential mechanisms by which
health aid and malaria utilization relate and identifies program components need to be
strengthened or require improved measurement.
Taken together, this study does not support my overall hypothesis that health aid boosts
a facility’s readiness to provide malaria services thereby increasing utilization of malaria services.
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However, it provides valuable insights to be considered when designing both health aid and
malaria service utilization policies. First, the approach used in this research examines health aid
on overall malaria service readiness, as well as diagnostic and training readiness, which provides
a check to whether health aid has produced a positive change in facilities’ ability to provide
needed health services. Results of this analysis provide evidence that health aid is positively
associated with facilities’ diagnostic readiness. This particular finding is important because
currently antimalarial drugs are often administered presumptively to children with a fever rather
than relying on a positive diagnosis prior to treatment, possibly because diagnostic readiness is
low in many facilities, about 35% on average in the sample.162 This practice of overtreatment
contributes to the development of antimalarial drug resistance that is associated with slowing
malaria prevention efforts.162 Diagnostic methods are therefore a crucial component of malaria
control and prevention, and this research provides important evidence that health aid is
positively associated with increased diagnostic availability. Second, this study identified
components of malaria case management that need to be strengthened in Malawi. The findings
indicate that health aid is inversely associated with malaria specific training, suggesting donors
are directing their funds to increase facilities ability to diagnose malaria, but not supporting a
sufficient level of training needed to conduct quality testing. This finding highlights a need to
improve the availability of malaria skills training at a facility level. Finally, the finding that there
were positive and negative associations between health aid and malaria service readiness but no
influence of health aid or malaria service readiness on utilization of malaria services are puzzling
and require further study. However, these contradictory and null findings may suggest that
facility readiness in Malawi does not, or has yet to, impact the health seeking behavior of families
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in its service area. This finding could be the result of contextual challenges such as the use of
traditional medicines instead of seeking care at a health facility or relying solely on prayer to for
healing.163 Based on this research, this is mostly likely the result of a shortage of trained staff to
utilize malaria diagnostic tools. Therefore, although diagnostic capacity exists women are not
using it, for children under 5, because of the observed likelihood that trained staff are not present
to reliably test for malaria. Based on this research I recommend that donors consider funding
mechanisms to provide consistent and comprehensive training in the use of malaria diagnostic
tools so that these available resources can be implemented consistently and reliably.
This research informs an existing gap in the literature through use of a mediation
approach grounded in a health services research theoretical model, disaggregated data on health
aid, and data from nationally representative household and health facility surveys that links
malaria facility information to malaria service use at the child level. While the evidence strongly
suggests health aid is positively associated with increased diagnostic capacity of facilities that
treat malaria, it raises more questions than it answers. To answer these questions, future
research should collect and leverage aid data that distinguishes among the type of health aid
(e.g., malaria specific aid) as well as timing the aid to better identify the processes by which donor
investments strengthen health systems and, ultimately, improve health. More evidence is
needed to increase the understanding of the mechanisms that determine service utilization in
developing countries and in order to identify which critical program components of health care
systems require donor investment. Thus, it seems the debate on whether or not foreign aid to
the health sector improves health outcomes continues.
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CHAPTER 4. ALL‐CAUSE CHILD MORTALITY REDUCTIONS ASSOCIATED
WITH MALARIA BED NET CAMPAIGNS IN THE DEMOCRATIC REPUBLIC OF
THE CONGO
ABSTRACT
Malaria remains a leading cause of childhood death in much of the developing world. The
global health community currently spends approximately USD$2.6 billion annually on malaria‐
related efforts.42 Despite this substantial investment, there is very little systematic evidence on
the impacts of nationwide prevention programs such as the rollout of long‐lasting insecticide‐
treated bed net (LLITN) distribution in the Democratic Republic of the Congo (DRC). Existing
research on malaria aid has largely relied on country‐level data, because systematic collection of
subnational data on malaria aid was previously unavailable. While these studies have contributed
greatly to our knowledge of aid effectiveness and have influenced the design of both follow‐up
as well as new aid programs, this national‐level data may mask important subnational or project‐
level variation.
Combining five sources of subnational data I obtain results for a large‐scale LLITN
distribution effort in the DRC that suggest children who were living in treated areas were
significantly less likely to die during their childhood than those who lived in areas that were not
treated (OR=0.705; 95% CI 0.515 to 0.964). This positive association appears strongest, but
limited, in the rural locations (OR=0.721; 95% CI 0.506 to 1.026). The results of this research
suggest investments in malaria control technologies such as LLITNs should be carefully targeted
and should consider malarial disease risk in order to realize the promise of population‐level
improvements in child health.
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INTRODUCTION
Malaria is one of the most severe public health problems worldwide. In 2015, one half of
the world’s population lived in areas at risk for malaria and approximately 214 million cases of
malaria occurred globally.164 The global burden of malarial disease is disproportionately high in
sub‐Saharan Africa, with Nigeria and the Democratic Republic of the Congo (DRC) accounting for
more than 35% of malaria deaths globally.165 These deaths are concentrated in populations with
poorly developed immunity, particularly young children.166 In the DRC, malaria, diarrheal disease,
and lower respiratory infection are the highest ranking contributors to years of life lost due to
premature death.167
Recent investments in malaria control have yielded substantial improvements in coverage
and reductions in incidence of the disease in many regions. In the DRC, for example, household
ownership of long‐lasting insecticide‐treated bed nets (LLITNs) has risen from 9% in 2007 to 70%
by 2013.168,169 The World Health Organization estimates that from 2000 to 2015 control measures
such as insecticide‐treated bed nets (LLITNs), indoor residual spraying (IRS), and antimalarial
drugs such as artemisinin combination therapy (ACT) have successfully reduced the estimated
malaria death rate in Africa by 66% (153 to 52 per 100,000) among all age groups, and by 71%
among children under 5 (7.84 to 2.26 per 100,000).165 However, in the 15 countries that account
for 80% of the global malarial disease burden, the overall decrease in malaria incidence trails
behind other countries by 53%.165 These lags in incidence reduction in sub‐Saharan Africa disguise
considerable progress in key prevention strategies.
Mortality reductions have been modest in the DRC and other high‐malaria prevalence
countries, suggesting that LLITN usage and effectiveness measured in randomized control trials
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may not generalize to national‐level distribution campaigns.170 At the community level, there is
evidence that individuals not sleeping under LLITNs are nonetheless at least partially protected
when LLITN coverage reaches approximately 60% of the village.171 Further, household‐level usage
of LLITNs has been shown to reduce parasite prevalence by 13% and reduce child mortality by
18%.172 The evidence of LLTIN coverage on reduction in incidence and mortality suggests that the
DRC likely saw large improvements in child survival outcomes as its LLTIN coverage increased.
This highlights the need for national, and importantly, subnational evidence on the
implementation and effectiveness of LLITN investments in the DRC and similar high‐malaria
prevalence countries.
There is limited empirical literature examining the relationship between health aid for
malaria interventions and malaria‐related outcomes. Prior studies have examined the
relationship across countries. For example, in a sample including 34 African countries, Akachi and
Atun used a panel fixed effects approach and found that Global Fund investments aimed to
increase LLITN/IRS coverage in 2002–2008 prevented an estimated 240,000 deaths.28 Flaxman et
al. used a Bayesian inference model of LLITN distribution, with a sample from 44 African
countries.o They found that each US$1 per capita in malaria health aid was associated with a
significant increase in LLITN household coverage (5.3 percentage points) and LLITN use in children
under 5 (4.6 percentage points).32 The advantage of these country‐level analyses is the availability
of data, specifically a comprehensive aid portfolio. Although cross‐country level analysis is

o

Using this approach they were able to resolve the issue that data is measured along different points of the supply
and distribution chain. They created harmonized estimates incorporating the survey data that does exist, expert
priors, reports from manufacturers and National Malaria Control Programs on the LLIN supply chain, and empirical
priors on how LLINs are retained.32
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informative at a broad level, malaria intervention effects vary across geographic regions, and
many of the implementation decisions are made in response to local contexts. Moreover,
national‐level variables, such as quality of governance or national‐level economic dynamics, can
bias the estimated effect of aid at the cross‐country level. Cross‐country analysis is also
insufficient to inform where to target prevention strategies subnationally so they can have the
greatest effect on malaria related outcomes.
Existing research examining subnational malaria aid and health outcomes has
been narrowly focused on either specific funders or intervention types, and may not be
generalizable to more comprehensive antimalarial interventions. Aregawi et al. examine the
impact of the scale‐up of LLITN, IRS, and ACT on malaria burden in six out of seven inpatient
health facilities in Zanzibar. Using a time series log linear regression, they find a significant
prevention effect associated with scaling up effective malaria interventions. Among children
under 5, the proportion of all‐cause deaths due to malaria fell from 46% to 12% (p<0.01) after
malaria program scale‐up.40 Noor et al. use repeated observations of LLITN coverage among rural
Kenyan homesteads exposed at different times to a range of LLITN delivery methods to examine
changes in coverage across socioeconomic groups. They find that free, mass distribution achieved
highest coverage among the poorest children compared to other LLITN delivery methods such as
highly subsidized nets and commercial social marketing.33
Recent work has started to combine newly available large‐sample spatial and
temporal data. This approach allows researchers to examine the contribution of LLITNs on
changes in malaria risk after adjustment for climatic and socioeconomic factors at disaggregated
levels, such as a district, municipality, or commune. It provides important information about the
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regions that require closer monitoring and about factors that weaken intervention effects.173 In
2014, Giardina et al. used a Bayesian geostatistical approach with the Malaria Indicator Survey
sample from 6 African countries and measured the beneficial effect of LLITNs on parasitaemia in
five of the six countries. They found that under varying definitions of coverage, bed nets were an
important intervention for reducing malaria risk and that effects were driven by local endemicity
levels. Although a valuable contribution, the analysis does not include the timing of LLITN scale
up or the funding source of the interventions. More work is needed at the subnational level to
clarify these important relationships.
This paper fills a gap in the literature by measuring the effect of a nationwide
distribution campaign using geographically and temporally disaggregated data on targeted aid
and health outcomes. It tests the hypothesis that reductions in under‐5 all‐cause child mortality
were associated with living in a province after the onset of LLITN mass campaigns in the DRC. It
is the first paper to employ monthly data from eight donor agencies as well as subnational data
on the timing of LLITN campaigns. The results complement existing literature, particularly to
inform policy discussions on external financing for large‐scale deployment of LLITNs.

CONCEPTUAL FRAMEWORK
Establishing a coherent conceptual framework for this chapter requires bridging multiple
factors that influence child mortality. The conceptual framework that is used in this research
design, analysis, and interpretation of results is a proximate determinants framework derived
from Mosley and Chen and modified by Boerma and Weir to incorporate demographic and
epidemiological approaches.174,175 The framework follows the basic assumption that all social and
economic determinants of child mortality operate through a set of proximate and then biological
123

determinants to affect a child’s likelihood of survival.175 The framework was designed primarily
to examine the distribution and determinants of disease but can be adapted to examine the
determinants of malaria transmission and attendant health outcomes.174 Utilization of this
framework clarifies the pathways by which the components of an intervention can be effective.
It can be interpreted as a population‐level sequence where the underlying context and
accessibility to an intervention program leads to the exposure, transmission, and eventually
infection, disease, and death (all‐cause child mortality). 176
Turning away from the general framework and focusing on this particular research, the
risk of a child dying before five years of age was selected as an outcome variable because it is a
leading indicator of child health and overall country development.177 It is also one of the most
strongly supported development goals. According to Sen, mortality data can be helpful in
raising specific questions on the nature of social inequalities, including gender and race as well
as the formulation of economic policy.178 There are no distinct determinants that can be
identified as global determinants in all situations. However, summarizing the existing literature
demonstrates a pattern of factors in child mortality in developing countries, which are included
in the conceptual framework for this research.
One approach in the literature is to use aggregated data at a country level to study the
determinants of health outcomes. In 2013, Hanf used longitudinal data from 193 United
Nations member countries to demonstrate that there are many factors that show some
immediate action on mortality in children under 5, including gross domestic product per capita;
percentage of the population having access to improved water sources, having access to
improved sanitation facilities, and living in urban areas; adolescent fertility rate; public health
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expenditure per capita; prevalence of HIV; perceived level of corruption and of violence; and
mean number of years in school for women of reproductive age.179 Pelletier and Frongillo
quantify the effects of changes in malnutrition in 59 developing countries, using aggregate,
longitudinal data. Their evidence suggests that child survival is strongly associated with positive
changes in malnutrition in developing countries.180 Masquelier used data from 107
Demographic Health Surveys covering 36 sub‐Saharan countries, which provided the advantage
of allowing the authors to evaluate how age patterns of morality have changed over time. They
found that HIV/AIDS, economic, social, and political turmoil as well as warfare adversely affect
child mortality in the years between 1986–2011.181
Another approach is to focus on individual country analysis with granular data. Izubara
conducted an analysis of variables at the household level in Nigeria that revealed the age and
gender of household heads, the number of under‐5 children in the household, and the number
of children ever born (CEB) were significantly associated with under‐5 mortality.182 Additionally
type of floor, place and region of the household residence, wealth, child gender, and both
maternal and paternal education were significantly associated with under‐5 mortality. Kembo
and Van Ginneken show that in Zimbabwe socioeconomic status and access to sanitation is
important for child survival.183 In terms of healthcare accessibility, Armstrong‐Schellenberg
shows for Tanzania that accessibility to healthcare as well as individual care reduce child
mortality risk.184
Figure 1 illustrates a diagrammatic representation of the adopted framework for malaria‐
related factors influencing under‐5 all‐cause child mortality. It shows the underlying demographic
and socioeconomic determinants (age, gender, residence type, province, mother’s education,
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floor type) and the intervention (LLITNs) operate through the behavioral and biological proximate
determinants (poorly developed immune system, increased susceptibility to general infection,
temperature, precipitation, human biting preference of the Anopheles vector) in order to
influence the susceptibility and efficiency of malaria transmission, which ultimately results in
infection, disease, and all‐cause child mortality. Italicized text in the figure represents empirical
measures of constructs in the conceptual model. The data sources utilized in this research permit
the analysis of all the variables as shown in the conceptual framework provided in Figure 1.176,185
Given this conceptual framework, I hypothesize that living in a province where LLITNs were
distributed will be associated with reductions in under‐5 all‐cause child mortality. Evidence from
47 developing countries finds that on average child health outcomes are better in urban than
rural areas.186 Guided by the literature and supported by the conceptual framework, I stratify the
analysis by urban and rural residence.
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Figure 1: Proximate Determinants of Malaria Conceptual Framework (Adapted from Mosley and
Chen, 1984)185

DATA
This study combines data from five sources to examine the relationship between active
LLITN mass campaigns and all‐cause child mortality. Each of these is described below.
DRC Demographic Health Survey
The 2007 and 2013/14 rounds of the DRC Demographic Health Surveys (DHS) serve as the
primary source for all‐cause child mortality.168,169 In addition to collecting nationally
representative data on population, health, HIV, and nutrition, each questionnaire records a
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respondent’s complete birth and child‐death history.187 Survey‐based birth and child death
histories, such as the DHS, have been demonstrated to be an important mechanism for measuring
the mortality of children younger than age five in developing countries.188 Another advantage of
the DHS is the inclusion of geographic data, specifically the availability of latitude and longitude
at the center of the interview cluster. A visual representation of the Demographic Health Survey
(DHS) data locations as well as the average Malaria Ecology Index are included for reference in
the appendix (Figure C.1).
President’s Malaria Initiative (PMI)
Data collected from the President’s Malaria Initiative (PMI) provide information on the
timing and location (i.e., province) of LLITN funding occurring from 2009 to 2013. These data
include eight funders or funding partners (UNITAID, United Nations Children’s Fund (UNICEF),
United States Agency for International Development (USAID), President’s Malaria Initiative (PMI),
World Bank, Global Fund, Population Services International (PSI), and the Department for
International Development (DfID)). The timing of the LLITN mass campaign rollout, funded by the
previous eight donors, is illustrated Map 1. The data originate from a centralized database
designed to monitor donor coordination and implementation of the DRC National Malaria
Strategic Plan through the DRC National Malaria Control Program (NMCP).189
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Map 1: Dates of Long‐Lasting Insecticide‐Treated Net Mass Campaigns and DHS Survey Locations
(2007 and 2013/14), Democratic Republic of the Congo

Malaria Ecology Index
Ideally, researchers would have precise measures of malaria burden using case data;
however, in sub‐Saharan Africa only an estimated 10% of malaria cases are detected due to weak
surveillance systems.190 The Malaria Ecology Index (MEI) is a measure of malaria risk taking into
account ecological and biological factors affecting the stability of malaria transmission at a spatial
resolution of 0.5 decimal degrees (or about 50km when measured at the equator).147,191 The MEI
is built upon climatological and vector characteristics, therefore it is exogenous to public health
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interventions and economic conditions.137 Specifically, the MEI uses the human biting preference
of each location’s dominant mosquito species, together with monthly temperature and
precipitation data, to model each month’s intensity of malaria transmission.p A discussion of the
ecological principles of malaria epidemiology and statistical validation is available in McCord
(2016) and Kiszewski et al. (2004), which presents strong evidence for malaria ecology as a driver
of variation in malaria outcomes over time. 137,147
In this research, the DHS survey data are merged with the geolocation data of each
interviewed woman to link the child to the gridded malaria ecology index for each month of the
child’s life (up to age 5). The DHS protects confidentiality by displacing geolocation information
by 0–2km in urban areas and 0–5km in rural areas with a randomly selected 1% of the data
displaced 0–10km.129 However, misassignment bias due to displacement is not a concern given
that the MEI is constructed at 50km resolution. The average malaria ecology index during the
study period is mapped in the appendix (Figure C.1).
AidData
The DRC Aid Management Platform (AMP) contains precise locations for 27 health
projects at 348 locations in the DRC and represents 8 funders (Department for International
Development (DfID), USAID, Embassy of Japan, Embassy of Belgium, Embassy of Canada, Embassy

p

The MEI should not be scaled, because it comes from the entomological inoculation rate question and so it is
interpretable in multiplicatively in terms of the basic reproduction number of R0. A doubling of the MEI
corresponds to a doubling of the basic reproduction number (R0). In epidemiological terms, R0 is the expected
number of secondary infections produced by each infected individual in its infectious period, in a population which
is entirely susceptible. When R0 < 1, each infected individual infects less than one individual on average, and the
infection is expected to die out in the population. If R0 > 1, the infection is expected to propagate through the
population. Public health measures are considered to successfully eliminate a disease when they push the R0
below 1.191
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of Sweden, European Commission, Korea International Cooperation Agency). Despite the
advantage of geographically referenced health aid, there are known limitations to these data. The
AMP does not include details about specific projects, therefore it is not possible to subset the
health data to malaria‐specific projects.35 These data are used as a control for local aid
investments beyond LLITNs that may also be associated with child mortality and malarial
prevention efforts. This variable is dichotomous, and children were coded as 1 if there was an aid
project in their province during a specific year and month.
Global Rural‐Urban Mapping Project (GRUMP)
In the Demographic and Health Survey, urban‐rural residence is defined by each
country’s national statistical office at the time of each survey.q,192 In the case of the DRC, this
variable was defined using definitions from the last population census conducted in 1984, making
the definition unreliable.193 Therefore, this analysis uses the GRUMP to define urban areas as
places with 5,000 or more inhabitants that are identified by stable nighttime lights.194
Study sample
The sample reflects nine years of pre LLITN births and up to 4 years of post‐LLITN births.
The study cohort includes 52,643 children born from 2000 to 2013. Appendix Figure C.2 describes
the process I undertook to construct my sample. I began with all 88,824 children reported to
have been born alive to reproductive‐aged women in the 2007 and 2013/14 DHS. I then excluded
5,677 children in DHS interview locations without spatial data (latitude and longitude of survey

q

As a robustness check, I confirm that my results are consistent when using the GRUMP urban extent grid (~1km)
to define urban and rural location at time of interview.
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location). This cross‐section of 83,147 births was expanded into a panel dataset with one
observation for each child‐month lived. (n=3,894,609). Children were excluded if consecutive year
was greater than the interview date (n=635,488), they were born before 2000 (n=1,058,808), or
if the consecutive year was 2014 (n=40,713). This resulted in a child‐month panel that included
2,159,600 observations. Observations were dropped if they were missing observations in one or
more covariates (n=17,221 observations; 0.79%). Next the sample was stratified by whether the
household was reported to be in a rural or urban setting defined by the GRUMP data. Satisfying
these criteria resulted in an analytic dataset of 2,142,379 child‐month observations for the
primary sample and 1,638,345 and 504,034 for the rural and urban sub‐samples respectively.
Each child was observed for up to 60 months; fewer months were observed in cases where the
maternal interview or the child’s death occurred prior to the child having reached 60 months.
Outcome
I have two outcomes of interest. The first is the likelihood of under‐5 all‐cause child
mortality, and the second is the differences in survival over time (i.e., months until death, right‐
censored at 60 months of age).
Treatment variable
The treatment is an indicator variable of whether or not children are residing in an area
where the net rollout occurred. It is based on the timing of the LLITN campaigns at a month‐
province level. There are six time periods of campaign roll outs in the eleven DRC provinces (Map
1). The treatment variable is based on the timing of the LLITN campaign, not whether a child
received a net. All children were considered treated after the date their local campaign occurred.
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This approach applies the intention to treat principle since the intervention may confer benefits
to children whether or not they received a net either from herd immunity or through a reduction
in mosquitoes resulting from other households near them using a net.195
Other covariates of interest
The Malaria Ecology Index is included as a control, given that malaria‐related outcomes
fluctuate with seasons and subnational geography. In addition to these variables, province‐
specific fixed effects that control for unobserved time‐invariant constructs that are associated
with net roll outs and mortality as well as year‐fixed effects that control for countrywide variation
in annual survival rates are included. AMP data was included as a binary variable to control for
additional financial support for health initiatives. Socioeconomic status is proxied using type of
main floor material. Additional controls are included for child’s gender and mother’s education.
Child’s age in a given month is controlled for using five age bins (0–11, 12–23, 24–35, 36–47, and
48–59 months).

Table 1: Analysis Variable Definitions and Their Classification According to the Proximate Determinants
Framework
VARIABLE
DEFINITION
SOURCE
Health Outcome (Dependent Variable)
ICF International. 2007 Demographic and Health
Surveys. Democratic Republic of the Congo.
Calverton, Maryland: ICF International, 2007
All‐cause child
Dichotomous, =1 in child
ICF International. 2013/14 Demographic and
mortality
month of death, 0 otherwise
Health Surveys. Democratic Republic of the
Congo. Calverton, Maryland: ICF International,
2014168,169
Intervention Program
Long‐Lasting
Dichotomous, =1 if alive in the
President’s Malaria Initiative, Democratic
Insecticide‐Treated post campaign period , 0
Republic of the Congo: Malaria Operational Plan
Net Campaigns
otherwise
FY2014189
Proximate Determinants
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Table 1: Analysis Variable Definitions and Their Classification According to the Proximate Determinants
Framework
VARIABLE
DEFINITION
SOURCE
McCord, Gordon C., and Jesse K. Anttila‐Hughes.
"A Malaria Ecology Index Predicted Spatial and
Temporal Variation of Malaria Burden and
Malaria Ecology
Continuous, spatial resolution
Efficacy of Antimalarial Interventions Based on
Index
of 0.5 degrees
African Serological Data." The American Journal of
Tropical Medicine and Hygiene (2017): 16‐
0602.38191
AidData, DRC Aid Information Management
Dichotomous, =1 in province
System (AIMS). Level 1, Version 1.3.1. Accessed
Health Aid
and month/year of
March 22, 2017196
commitment, 0 otherwise
Demographic

Age

Gender

Categorical, 0–11, 12–23, 24–
35, 36–47, and 48–59 months
Dichotomous, 1 if female, 0
otherwise

DRC Province
Categorical (Bandundu, Bas‐
Congo, Equateur, Kasai‐
Occidental, Kasai‐Oriental,
Katanga, Kinshasa, Maniema,
Nord‐Kivu, Orientale, Sud‐Kivu)
Residence Type

Dichotomous, =1 if rural, 0
otherwise

ICF International. 2007 Demographic and Health
Surveys. Democratic Republic of the Congo.
Calverton, Maryland: ICF International, 2007
ICF International. 2013/14 Demographic and
Health Surveys. Democratic Republic of the
Congo. Calverton, Maryland: ICF International,
2014168,169

Center for International Earth Science Information
Network ‐ CIESIN ‐ Columbia University,
International Food Policy Research Institute ‐
IFPRI, The World Bank, and Centro International
de Agriculture Tropical ‐ CIAT. 2011. Global Rural‐
Urban Mapping Project, Version 1 (GRUMPv1):
Urban Extents Grid. Palisades, NY: NASA
Socioeconomic Data and Applications Center
(SEDAC). Accessed March 22, 2017197

Socioeconomic

Mother Educational
Attainment

ICF International. 2007 Demographic and Health
Surveys. Democratic Republic of the Congo.
Calverton, Maryland: ICF International, 2007
ICF International. 2013/14 Demographic and
Health Surveys. Democratic Republic of the
Congo. Calverton, Maryland: ICF International,
2014168,169

Categorical (=0 none, 1=
incomplete primary,
2=complete primary,
3=incomplete secondary,
4=complete secondary,
5=higher)
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Table 1: Analysis Variable Definitions and Their Classification According to the Proximate Determinants
Framework
VARIABLE
DEFINITION
SOURCE
Main Floor Material

Categorical (dung, wood
planks, bamboo, parquet or
polished wood, PVC, ceramic,
concrete, carpet, missing)

EMPIRICAL APPROACH
Logistic regression was used to predict the likelihood of under‐5 all‐cause child mortality.
In order to evaluate differences in survival over time (i.e., months until death, right‐censored at
60 months of age) a Cox proportional hazard model was considered. I stratify the analysis by
urban and rural residence because of the differences in health outcomes, malaria infection, and
access to health services between urban and rural areas.198‐200
Logistic regression was used to predict the likelihood of all‐cause child mortality before
age 5 using child‐month observations as follows:

pr (Y  1| X ) 

exp( X )
1  exp( X 
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Where Xβ=

  1Treatment pt   2 MEI ct  3Treatment pt * MEI ct   4 AllHealthAid pt 
5 AgeBinit  6Genderi  7 Educationim  8 Floori  9 Ruralic  10Timeit 
11 Pr ovince p   pcmit
and Y=
t.

is a binary variable denoting the mortality of child i in province p in month
is a binary variable coded as 1 when the LLITN campaign occurs in the child’s

province and thereafter.

is the Malaria Ecology Index at the sampling location during that

month, Treatmentpt*MEIct measures the heterogeneous effects of bed net coverage at different
levels of ecological force of transmission. This interaction allows for variation between decreases
in mortality associated with living in a province with an active LLITN campaign across areas with
high‐ and low‐ malarial burden.201‐203

denotes funding from international donors

provided to locations in that province and month‐year,

is a vector of age‐specific bin

variables (at 12‐month intervals) reflecting differential mortality over childhood. Gender,
mother’s education, household flooring material, and rural status are individual level controls,
Time is a time‐fixed effect to flexibly absorb month‐to‐month national trends in mortality and
LLITN coverage that might confound my treatment estimates.

is a province fixed effect

that absorbs time‐invariant characteristics of provinces that might be correlated both to mortality
levels and the timing of LLITN distribution. Standard errors are clustered at the province level to
adjust for non‐independence.

136

The logistic regression model focuses on whether or not the event occurred and ignores
the time to event nature of the outcome. To understand how residing in an area where LLITNs
were distributed is associated with months of survival, I estimated a Cox proportional hazard
model as follows:

h(t )  h0 (t ) exp( 1Treatment pt   2 MEI ct  3Treatment pt * MEI ct   4 AllHealthAid pt  5Genderip 

 6 Educationim   7 Floori  8 Ruralic  9Timeit  10 Pr ovinceip   pcmit )
Where h(t) is the expected under‐5 child mortality at time t, and h0(t) is the baseline hazard and
represents the hazard when all the independent variables are equal to zero.204 Covariates are
consistent with the logistic framework with the exception of the exclusion of the month‐age bins.
To assess the proportional‐hazards assumption across the observed treatment categories I used
a log‐log plot for each category of treatment. This approach stratifies by group (1=LLITN and 0=No
LLITN), then plots log cumulative hazards adjusted for covariates. Under a proportional hazards
assumption the separation between log‐log plots should be constant over time. In Figure 2 the
lines, which indicate proportional hazards, cross at the red circle implying that the proportional‐
hazards assumption for LLITN has been violated. Therefore, only the logistic regression model
results are presented and discussed in the following section.
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Figure 2: Test of proportional‐hazards assumption for Long‐Lasting Insecticide‐Treated Nets
(LLITN), controlling for MEI, health aid, gender, mother’s education, rural status, floor type, year,
province

RESULTS
Descriptive statistics
Table 2 presents descriptive statistics for under‐5 child mortality, health aid, treatment,
rural status, gender, main house floor material, mother’s educational attainment, province, and
MEI. Majority of children lived more than 5 years (92.05%) and did not live in a province with
health aid (73.55%). A little less than half lived in a province with a LLITN campaign (44.60%). The
sample is evenly split between males (49.99%) and females (50.01%). Children were more likely
to live in a rural geographic area (76.84%), and most were living in homes made with dirt or sand
floors (82.17%). Over half (57.77%) of mothers had incomplete or no primary education. All
eleven provinces were included in the sample, and the average malaria risk was 1.452. The MEI

138

measures the intensity of malaria risk and is best interpreted using measures of malaria risk
throughout the world as a comparison.147

Table 2: Sample Characteristics (n= 52,643 children)
Sample Characteristics

%

Mortality
alive
death before age 5

92.05%
7.95%

not in province
in province

73.55%
26.45%

Long lasting insecticide treated nets (treatment)
not in a province with a LLITN
in a province with a LLITN

55.80%
44.20%

Health Aid

Rural
urban
rural

23.16%
76.84%

Male
Female

49.99%
50.01%

earth/sand
dung
wood planks
palm/bamboo
parquet or polished wood
vinyl/asphalt strips
ceramic tiles
cement
carpet
other/missing/not a resident

82.17%
0.91%
0.57%
0.24%
4.37%
0.08%
0.59%
9.55%
0.10%
1.42%

Gender

Main Material of House Floor

Mother's Educational Attainment
no education
incomplete primary
complete primary
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23.04%
34.73%
9.92%

Table 2: Sample Characteristics (n= 52,643 children)
Sample Characteristics
incomplete secondary
complete secondary
higher

%
25.74%
5.49%
1.08%

Province
Bandundu
Bas‐Congo
Equateur
Kasai‐Occidental
Kasai‐Oriental
Katanga
Kinshasa
Maniema
Nord‐Kivu
Orientale
Sud‐Kivu

Contemporaneous Malaria Ecology Index

12.34%
5.61%
13.89%
9.30%
10.78%
12.12%
6.85%
6.22%
6.32%
9.48%
7.07%
Mean (SD)
1.452 (.637)

Adjusted associations between LLITNs and under‐5 all‐cause child mortality
To assess the association between LLITNs and under‐5 all‐cause child mortality, a logistic
model was used to fit the data. Overall results are provided in Table 3 and indicate that children
who were living in treated areas were significantly less likely to die during their childhood than
those who were not treated (OR=0.705; 95% CI 0.515 to 0.964), and the association is strongest
in the rural locations (OR=0.721; 95% CI 0.506 to 1.026). This finding was not hold for urban
locations. This is not surprising since rural households are known to live under conditions that are
far more detrimental to child health than their urban counterparts suggesting community‐level
interventions, such as LLITNs, are necessary to reduce the urban/rural gap.205 As expected
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mortality decreases monotonically by child’s age and mother’s educational attainment. Older
children were less likely to die than younger children, and children born to educated mothers
were less likely to die than children born to less educated mothers. The gender of the child was
not significantly associated with likelihood of child death. A full table is included in Appendix Table
C.1 for reference.
Table 3: Adjusted Associations between LLITN Campaign and Under‐5 All‐Cause Child
Mortality

VARIABLES
Treatment (LLITN Campaign)
Contemporaneous Malaria
Ecology Index (MEI)
Treatment (LLITN Campaign) *
Contemporaneous Malaria
Ecology Index (MEI)
Child Gender (Female)

(1)
Combined
OR (95% CI)

(2)
Rural
OR (95% CI)

(3)
Urban
OR (95% CI)

0.705**
(0.515 – 0.964)
0.985

0.721*
(0.506 – 1.026)
0.991

0.675
(0.341 – 1.334)
0.952

(0.930 – 1.044)
1.177**

(0.928 – 1.059)
1.201**

(0.843 – 1.075)
1.101

(1.005 – 1.379)
0.952
(0.896 – 1.012)

(1.006 – 1.434)
0.964
(0.901 – 1.031)

(0.772 – 1.569)
0.899
(0.779 – 1.038)

0.423***
(0.390 – 0.459)
0.377***
(0.343 – 0.413)
0.276***
(0.246 – 0.310)
0.177***
(0.151 – 0.207)

0.436***
(0.398 – 0.477)
0.397***
(0.359 – 0.440)
0.289***
(0.255 – 0.328)
0.178***
(0.150 – 0.212)

0.371***
(0.306 – 0.450)
0.290***
(0.230 – 0.366)
0.221***
(0.165 – 0.294)
0.168***
(0.118 – 0.239)

1.145
(0.844 – 1.554)
0.985
(0.673 – 1.442)
1.178

1.069
(0.759 – 1.507)
0.906
(0.594 – 1.382)
1.165

1.791*
(0.908 – 3.532)
1.176
(0.478 – 2.891)
1.679

Child Age (Months)
12–23
24–35
36–47
48–59
Main Material of House Floor
dung
wood planks
palm/bamboo
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Table 3: Adjusted Associations between LLITN Campaign and Under‐5 All‐Cause Child
Mortality

VARIABLES
parquet or polished wood
cement tiles
cement
carpet
Mother's Educational Attainment
incomplete primary
complete primary
incomplete secondary
complete secondary
higher

Rural Area
Health Aid
Constant
Province FE
Time FE
Observations

(1)
Combined
OR (95% CI)
(0.682 – 2.034)
0.662***
(0.537 – 0.816)
0.803
(0.455 – 1.417)
0.781***
(0.670 – 0.909)
1.612
(0.718 – 3.622)

(2)
Rural
OR (95% CI)
(0.660 – 2.058)
0.968
(0.675 – 1.386)
1.688
(0.419 – 6.802)
0.859
(0.673 – 1.097)
1.352
(0.189 – 9.675)

(3)
Urban
OR (95% CI)
(0.232 – 12.171)
0.604***
(0.461 – 0.792)
0.688
(0.365 – 1.296)
0.728***
(0.591 – 0.897)
1.456
(0.595 – 3.563)

0.972
(0.900 – 1.049)
0.816***
(0.726 – 0.918)
0.726***
(0.658 – 0.799)
0.510***
(0.417 – 0.624)
0.239***
(0.127 – 0.450)

0.956
(0.883 – 1.036)
0.805***
(0.709 – 0.915)
0.708***
(0.635 – 0.791)
0.540***
(0.406 – 0.718)
0.143*
(0.020 – 1.015)

1.260
(0.916 – 1.734)
1.007
(0.698 – 1.452)
0.907
(0.663 – 1.240)
0.612**
(0.414 – 0.903)
0.328***
(0.158 – 0.680)

1.046
(0.949 – 1.152)
1.056
(0.917 – 1.216)
0.006***
(0.004 – 0.007)
YES
YES
2,142,379

1.065
(0.911 – 1.244)
0.006***
(0.004 – 0.007)
YES
YES
1,638,345

0.954
(0.683 – 1.331)
0.007***
(0.004 – 0.012)
YES
YES
504,034

Dependent variable is mortality of children under 5 years of age, coded as zero for every month of life
until month of death (if deceased)
Reference includes males, 0‐11 months, dirt floors, no education, 2000, Bandundu Province, and urban
area
*** p<0.01, ** p<0.05, * p<0.1
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Given the multiplicative term in the model, the main treatment effect cannot be examined
in isolation but must be considered along with its interaction with MEI. For ease of the
interpretation of

∗

, presents predicted margins instead of odds ratios

to indicate differences in the predicted probability of dying before age 5 at the MEI average as
well as across the distribution of MEI values observed. Over the full sample, findings indicate that
the average marginal effect of treatment is ‐0.021 percentage points (95% CI ‐0.054 to .012). That
is, all else equal, we would expect a 0.021 percentage point decrease in the probability of children
dying in the treated areas compared to the non‐treated areas. This association evaluated at the
average of MEI was not statistically different from zero. However, when evaluated at each MEI
decile, significant treatment effects were observed. Figure 3 shows the marginal effect of
treatment evaluated at each MEI decile. These findings are statistically significant for the
combined and rural only samples. In the rural subpopulation, the average marginal effect of the
lowest malaria decile is ‐0.059 percentage points (‐0.115 to 0.002). Explicitly stated, at the lowest
levels of malaria ecology in rural areas, we would expect a 0.059 percentage point decrease in
the proportion of children dying before 60 months. These results suggest that as the malaria
ecology index increases the relationship between nets and the magnitude of child mortality
decreases from 0.059 percentage points (lowest decile) to 0.007 percentage points (highest
decile) and become less precise. Thus, the benefit nets confer appears to be localized to rural
regions of the DRC with the lowest MEI.
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Figure 3: Marginal effect of Long‐Lasting Insecticide‐Treated Nets across the distribution of
Malaria Ecology Index
Decile Categories of the Malaria Ecology Index
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SENSITIVITY ANALYSIS
Wald Test

In order to test the significance of the independent variables used in the statistical model
a Wald Test was used (Table 4).97 The purpose of this test was to determine if including a group
of individual characteristics such as month‐age bins, floor type, gender, and mother’s educational
attainment as well as including an MEI and treatment interaction added explanatory value to the
model. Results indicate statistical significance for all variables shown meaning that the
parameters associated with these variables are not equal to zero and therefore should be
included in the model.97
Table 4: Wald Test
Parameter

Treatment * MEI
Month age bins, Floor type, Female, Mother's educational attainment
Year, Province

Wald
Test
H0:
A=B=0

p‐value

Test
Conclusion

9.53
1215.56
95.21

0.00
0.00
0.00

Include
Include
Include

Spatial Autocorrelation
The presence of spatial autocorrelation‐how related the values of a variable are based on
the location they were measured were tested using Moran’s I.206 Under the null hypothesis of no
global spatial autocorrelation, I can accept the null and conclude that there is zero spatial
autocorrelation present (p=.304). If there was a presence of positive spatial autocorrelation then
a spatial error modeling approach could be more appropriate. Future research should consider
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measuring spatial autocorrelation using several approaches as specifying the neighborhood
structure and calculating spatial weights was limited given the size of the sample.

DISCUSSION
While the evidence of the effectiveness of specific malaria interventions from well‐
controlled studies has been strong, the evidence of the impact of malaria control interventions
at the population‐level on health outcomes has been mixed.195 This paper examined the
hypothesis that reductions in under‐5 all‐cause child mortality were associated with living in a
province after the onset of LLITN mass campaigns in the DRC. It fills a gap in the literature by
measuring the effect of a nationwide distribution campaign using geographically and temporally
disaggregated data on targeted aid and health outcomes. It is the first paper to employ monthly
data from eight donor agencies as well as subnational data on the timing of LLITN campaigns in
order to test whether malaria aid is associated with a population‐level health outcome. The
results of this research suggest investments in malaria control technologies such as LLITNs should
be carefully targeted and should consider malarial disease risk in order to realize the promise of
population‐level improvements in child health. These findings complement existing literature,
particularly to inform policy discussions on external financing for large‐scale deployment of
LLITNs.
In this analysis, I estimated the overall association between four years of LLITN campaigns
and all‐cause under‐5 child mortality rates using nationally representative survey data to capture
childhood deaths in the DRC. This study has a number of strengths. It is the first to combine
georeferenced survey data with subnational data on the distribution of LLITNs and other aid to
the health sector in order to examine the association of malaria specific aid on all‐cause child
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mortality.

This approach provided an opportunity to control for unobserved potentially

confounding factors within a province. Moreover, because the program was rolled out over
diverse provinces over time, I can also control for factors that improved child mortality across the
country over the study time period. Finally, by integrating data on climatic and ecological drivers
of mosquito breeding that vary over time and space, I can identify the association of bed net
distribution with child mortality in seasons and locations when malaria transmission risk is
highest.
While this research highlights the feasibility of using this approach, it is important to note
known limitations. First, the DHS does not record children’s cause of death. Therefore, we can
only assess all‐cause child mortality and not malaria‐specific deaths. Second, in the 2013/14 DHS
the DHS stopped collecting data on the length of time respondents had lived in their current
location, and it is possible that respondents may have moved across the subnational provinces
during the study period. To this point, 85% of the 2007 survey respondents have lived in their
current place of residence for more than five years. Consequently, any bias exclusively related to
geographic mobility should be minimal. Third, in retrospective surveys, such as the DHS, age
heaping is a concern. Age heaping is the likelihood that respondents round age of death to 12‐
month intervals, such as 0, 12, 24, 36, 48, and 60 months.207 To determine the amount of age
heaping in this study, the heaping index was calculated as a ratio of the observed number of
deaths in month 12 to the expected number and was 3.4 compared to the median index of
heaping in DHS‐II surveys of 5.207,208 Age heaping is unlikely to be correlated with the campaign
timing, but it does introduce measurement error, which could attenuate the coefficients toward
zero. Fourth, commitment data on health aid was used as a covariate and was obtained from
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AidData. A major advantage of AidData over the Organisation for Economic Co‐operation and
Development’s (OECD) Creditor Reporting System (CRS) is that AidData includes more data from
non‐DAC bilateral donors, as well as additional multilateral and intergovernmental organizations.
In general, commitments have a higher coverage than disbursements, therefore the data should
be interpreted more cautiously than estimates based on disbursements.209
Finally, it is important to understand the country‐specific historical context in which this
study was conducted. Since 1996, the DRC has experienced devastating and destabilizing
conflict.199 This conflict is characterized by extreme violence, mass population displacements,
widespread rape, and a collapse of public health services, claiming more lives than any conflict
since World War II.210 Beginning in 2002, there were encouraging political and diplomatic
developments including plans for nationwide democratic elections in 2005 open to all major
parties. However, in June 2004 there was a resurgence of violence, including an attempted coup
in Kinshasa.210 People continue to live in crisis conditions in many parts of the country.210 These
conflicts have severely limited the ability of the DRC to implement development efforts resulting
in a population that suffers the resulting consequences. To control for this bias, both year and
province fixed effects were included. This approach removes time and province invariant
characteristics so I could assess the net effect of the independent variables on under–5 all‐cause
child mortality. The specific objective of this study was to determine the association between
LLITN rollout and mortality throughout the DRC using a subnational approach. Against these
contextual constraints, the value of the paper lies perhaps more in the discussion of the approach
itself, which, with improvements in underlying data, could be used in the future assessment of
this and other types of health aid interventions.
148

In summary, the results provide limited support for the hypothesis that reductions in
under‐5 all‐cause child mortality were associated with living in a province after the onset of LLITN
mass campaigns in the DRC. Approximately 13% of the original sample lives in areas with low
malarial risk, where the reductions appear to be concentrated. Further, it is apparent targeting
LLITNs at children living in areas of low malaria risk deserves particular attention. This finding
could be the result of parasite resistance in areas of high malaria risk. Parasite resistance to
insecticides could render LLITNs ineffective and trigger a rise in under‐5 child mortality. Recent
data on insecticide resistance from four sites around the DRC provides evidence of increasing
resistance to a range of insecticides. Although a small study, it tested resistance to pyrethroids,
DDT, and malathion using standard WHO protocols. Results indicate resistance to DDT at all sites,
resistance to pyrethroids at three sites, and one site resistant to malathion.189
Using both child‐level logistic models and five sources of subnational data, I obtain results
that suggest modest decreases in mortality associated with the LLITN campaigns in provinces with
low malarial burden. The current Malaria Control Strategy, in the DRC, places a large emphasis on
malaria treatment. The results of this research suggest investments in malaria control
technologies such as LLITNs should be carefully targeted and consider malarial disease risk in
order to realize the promise of population level improvements in child health. This research is
particularly relevant if the creators of the DRC Malaria Control Strategy consider evaluative needs
when determining the allocation of control efforts across subnational units.
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CHAPTER 5. CONCLUSION
A central pledge of the 2030 Agenda for Sustainable Development is that no one will be
left behind48 – meaning that no Sustainable Development Goal (SDG) can be considered met
unless it is met for everyone. This people‐centered agenda aims to transform the world by
achieving 17 goals with 169 targets in 15 years, but the development efforts that will be required
are multifaceted and complicated. Is it even possible to reach the world’s most marginalized and
vulnerable populations? And what do these groups really want or need from development
efforts? Without the ability to identify vulnerable groups at the subnational level, and target aid
to meet their real needs, we cannot answer these questions.
What we do know is that to achieve the highly ambitious SDGs, efforts around financing
for development must by necessity be increased.211 In health, efforts would need to coalesce
around key goals like achieving universal health coverage, eliminating infectious diseases, and
ensuring universal access to reproductive health‐care services.211 This call for increased focus on
health development comes at a time when health aid remains stagnant. In 2015, $36.4 billion in
global health aid was disbursed – an increase of only 0.3% over 2014 levels, and the fifth straight
year of only negligible increases.1 Tangible challenges lie ahead for the development community
around financing the SDGs. However, regardless of the cost, the empirical literature suggests that
for aid to be more effective, current aid policies will have to be rethought.57
The objective of this dissertation was to use subnational data to better understand the
association between health aid and health‐related outcomes, and provide scientific evidence to
inform donor decisions on future aid allocation. This dissertation approached the aid
effectiveness debate using subnational data which confronts three very basic and fundamental
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challenges: (1) insufficiently granular information about the purposes of development projects
and bundle of interventions that each of these projects supported; (2) the absence of subnational
information about the physical locations of these interventions; and (3) a complete lack of
knowledge about the activities of the largest, non‐Western sources of development finance (ie.
China). This cross‐disciplinary approach, using granular data disaggregated down to the highest
level of detail possible, provides new information for the aid effectiveness debate and moves the
literature forward, even incrementally, to the central hope of the SDGs: equity for all.48
SUMMARY OF DISSERTATION CHAPTERS
This dissertation examined the allocation of health aid within the contexts of placement,
service utilization, and population‐level benefit. A definition of aid effectiveness congruent with
the literature and used by the Center for Global Development (CGD), a prominent international
development research and policy nonprofit, was chosen for this work.212 This dissertation defines
that aid “works” or is effective when it contributes to, or is associated with, positive health
outcomes such as decreased child mortality or an increase in health service utilization even if the
improvements are modest.9 Incremental improvements in health related aid might be critical if
the aid is successfully addressing population level health outcomes such as child mortality.
A Theory of Change model was used to examine aid allocation across a continuum that
illustrates how health project dollars manifest in tangible health outcomes (Chapter 1, Figure 1).
This flexible model demonstrated that aid might be positively associated with health outcomes,
while also suggesting that disconnects between aid allocation and observed changes in health
outcomes might be due to breakdowns along this continuum. The principal findings of this
dissertation on aid effectiveness at the subnational level are summarized below by chapter.
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Chapter 2: Pulling the purse strings: Is there political preferencing in Chinese aid to Africa?
China is an increasingly important player in the global development space, but may be
less bound to compacts that aim to curb regional favoritism or politically‐motivated aid
preferencing, thus limiting aid’s efficacy.49 The first dissertation paper therefore examined the
subnational allocation of Chinese development aid projects across Africa. I sought to understand
whether and how political preferencing of Chinese aid – specifically, allocating aid to the birth
region of the current political leader – differs across sectors such as health, education, and
transportation. I additionally examined preferencing within sectors using health as a case study.
From a logistic regression of a panel of data from 48 countries between 2000 and 2011, two
patterns emerged.
First, Chinese aid allocated to the emergency and energy sectors was positively and
significantly associated with the birth region of the African country’s current political leader.
Second, within the health sector, there was a positive and significant association between water
and sanitation projects, and the leader’s birth region. Improvements in aid could therefore focus
on: (1) understanding the incentives for African leaders to allocate Chinese aid in the emergency
and energy sectors, as well as basic water and sanitation projects, to their birth regions; and (2)
strengthening the amount of aid allocated to sectors where there is no evidence of preferencing.
This chapter’s results demonstrated that the aggregation of aid data can mask the true
relationship between aid flows and political preferencing. To understand what environments
incentivize preferencing, researchers should avoid examining total aid flows at the country‐level,
and instead disaggregate down to the lowest levels of subnational geography possible.
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Chapter 3: Associations between health aid, malaria service readiness, and utilization of malaria
health services: A study of children under 5 in Malawi
Malawi is a good candidate for an investigation of health aid and service utilization due
to a combination of factors like poor health conditions, significant donor attention, and the
potential presence of aid inefficiencies like corruption. The second dissertation paper tested the
hypothesis that health aid boosts a facility’s readiness to provide malaria services, thereby
increasing the utilization of malaria services in a facility’s service area. A cross‐section of six
sources of spatially‐referenced data was analyzed using a mediation approach, from which
several results emanate. First, while health aid and service use overall is not found to be mediated
by facility readiness, the findings do provide insights for designing both health aid and malaria
service utilization programs. Specifically, results indicated that there is a significant and positive
association between increasing an aid project to a region and facility readiness to diagnosis
malarial infections.
These particular findings are important, because diagnostic methods are a crucial
component of malaria control and prevention. The results also suggest that diagnostic capacity
exists, but is underutilized among children under 5, which could be due to a lack of trained staff
to use diagnostic tools. Building on this empirical evidence, improvements to aid policies could
include strengthening the volume of aid allocated for investments in diagnostic capacity through
consistent and comprehensive training at the facility level. This chapter’s findings indicate that
funding for malaria services is effective, using the working definition of aid effectiveness, in that
it had a detectable significant and positive association with malaria diagnostic capacity at a facility
level.
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Chapter 4: All‐cause child mortality reductions associated with malaria bed net campaigns in the
Democratic Republic of the Congo
While the global health community currently spends approximately USD$2.6 billion
annually on malaria‐fighting efforts, malaria remains a leading cause of childhood death in much
of the developing world.42 Despite this substantial investment, there is a paucity of information
in the literature on the relationship between health aid to combat disease and changes in
population‐level benefits among aid recipients.15 The fourth dissertation chapter therefore
examined the roll‐out of a nation‐wide malaria bed net campaign in the Democratic Republic of
the Congo to determine how health aid affected under‐five all‐cause child mortality, a key
population health outcome. Combining household panels with five sources of geographically
referenced data from 2000‐2013, this chapter found that anti‐malaria programs were positively
associated with a decrease in under‐five all‐cause child mortality.
Funding for malaria nets in the Congo was found to be an effective form of aid, as it had
a detectable, significant and positive association with local development outcomes. Reductions
in mortality accounted for about 11% of recent economic growth in low‐ and middle‐income
countries, as measured by national income.213 To the extent these findings translate to economic
growth, these findings provide policymakers with evidence of the value for money of increased
aid for malaria bed nets in rural areas of the Congo. Investments in health aid, like those for
malaria bed nets, should be carefully targeted and focused on disease risk to realize the promise
of population‐level improvements in child health.
OPPORTUNITIES FOR FUTURE RESEARCH
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The question of aid effectiveness, and how to best define it, has been a perennial concern
in the international development literature. This dissertation adopted a definition of “aid
effectiveness” as aid having been deemed effective when it contributes to, or is associated with,
positive health outcomes.9 Thanks to the growing availability of recent aid data disaggregated at
the subnational level, it is now possible to add new evidence to this decades‐long debate. This
dissertation’s examination of health aid, within the context of placement, health care service
utilization, and health benefit, makes five broad recommendations for future research on
subnational aid flows.
First and foremost, policymakers, donors, and researchers should collectively place
greater emphasis on tracking aid placement.214 The current limitations of the data require
researchers to rely on complicated estimation methods that are poor substitutes for better
information. Data that is more accurately measured, collected, and tracked allows for more exact
measurements,214 and makes possible broader examinations of aid that use more donors and
countries while still maintain granularity and disaggregation at a fine level. Existing research is
circumscribed not by the complexity of questions, but rather by the kinds of data available, and
at what level of detail the data can be successfully analyzed.
Second, in addition to increased efforts towards better data on aid placement the
development community as well as the donor community should place an emphasis on tracking
health outcomes. One of the most important problems for health policymakers is the ability to
test causal effects of the policies on health outcomes. A major limitation in the ability to establish
causal relationships between health aid and health outcomes is a lack of outcome data, which
are infrequently collected or may not exist. There is a need in the development literature to
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create, validate, and disseminate measurement tools that can reliably detect health outcomes.
An example of this is work, recently published in Science, uses satellite imagery and machine
learning to provide better measurements of poverty.215
Third, data on current subnational aid flows is a valuable resource for researchers wishing
to examine aid at greater levels of disaggregation. Yet understanding the limitations of these data
is a challenge, hampering uptake within the research community. While certainly limited by a
paucity of studies examining subnational aid flows, existing users of subnational health flows
should consider collectively detailing the limitations of subnational aid flows, as well as the
methodological challenges of measuring aid at this level, in academic as well as policy‐relevant
outlets (e.g., peer‐reviewed journals, policy briefs).
Fourth, future research should additionally evaluate the costs and benefits of producing
health improvements to derive better measures of aid efficiency, and ultimately examine
whether there is an equitable distribution of aid among targeted beneficiaries. Research that
fully examines the continuum of aid from effectiveness, to efficiency, and then equity would
provide a guiding framework for both researchers and policymakers in which to root aid
allocation policies.
Finally, as more scholars integrate geospatial data from multiple sources to examine
health outcomes, researchers must confront practical obstacles stemming from where and how
measurements are obtained. Past literature has shown that uncertainty in the locations of where
measurements are taken can produce biased estimates in empirical analyses.216,217 In current
practice, researchers attempt to overcome these obstacles by using a range of approaches, from

156

the ad hoc to those that are methodologically more sophisticated.49,216,218,219 Additional research
that provides data producers with a rigorous framework to assist their choices when using
spatially referenced data sets, specifically when data is displaced to preserve confidentiality is
warranted. Aggregation of aid data masks the true relationship between aid flows and health
outcomes: if development inquiry is to understand nuanced aid flows in a way that ultimately
informs resource allocation decisions, researchers must examine disaggregated aid flows.
As researchers increasingly use disaggregated aid flows in their research, there is a need
to understand the balance between providing precise data to producing meaningful estimates
that inform policy, and the public responsibilities policymakers face when making allocation
decisions. This research was the first to examine subnational health aid at the intersection of
economics, public health, political science, and geography. Through twenty‐two spatially‐
referenced datasets and three distinct methodologies, this dissertation expands our
understanding of the effectiveness of targeted health aid on targeted health outcomes. This work
provides a valuable first step toward understanding how the aid effectiveness debate can be
informed using new types of data, including subnational data. Subsequent subnational research
aimed at informing the health aid literature should carefully consider what it means for aid
programs to be effective in reaching their objectives.
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SUPPLEMENTARY APPENDIX A, CHAPTER 2
PULLING THE PURSE STRINGS. IS THERE POLITICAL PREFERENCING IN CHINESE AID TO AFRICA?
Table A.1: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese aid, Using a Probit Model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
(6)
All
Communication
Health
Education
Transportation
Agriculture
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Birth region

0.137
(‐0.035 ‐ 0.309)
0.937***
(0.739 ‐ 1.135)
0.120***
(0.083 ‐ 0.157)
0.000***
(0.000 ‐ 0.000)
0.000*
(‐0.000 ‐ 0.000)
0.083
(‐0.088 ‐ 0.254)
‐0.137*
(‐0.298 ‐ 0.023)
0.049
(‐0.039 ‐ 0.138)
0.033
(‐0.017 ‐ 0.084)

‐0.308*
(‐0.639 ‐ 0.022)
0.742***
(0.399 ‐ 1.086)
0.050*
(‐0.003 ‐ 0.102)
0.000
(‐0.000 ‐ 0.000)
0.000***
(0.000 ‐ 0.000)
0.219*
(‐0.033 ‐ 0.471)
‐0.535**
(‐1.063 ‐ ‐0.006)
‐0.029
(‐0.133 ‐ 0.076)
‐0.029
(‐0.095 ‐ 0.038)

‐0.044
(‐0.302 ‐ 0.215)
0.762***
(0.490 ‐ 1.034)
0.114***
(0.056 ‐ 0.173)
0.000*
(‐0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
‐0.015
(‐0.260 ‐ 0.229)
0.021
(‐0.198 ‐ 0.241)
‐0.010
(‐0.126 ‐ 0.105)
0.036
(‐0.049 ‐ 0.122)

0.197
(‐0.105 ‐ 0.498)
0.857***
(0.576 ‐ 1.139)
0.089***
(0.022 ‐ 0.155)
0.000**
(0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
0.274*
(‐0.021 ‐ 0.570)
‐0.281
(‐0.677 ‐ 0.115)
0.065
(‐0.091 ‐ 0.221)
0.117
(‐0.132 ‐ 0.365)

0.129
(‐0.096 ‐ 0.354)
0.519***
(0.243 ‐ 0.795)
0.108***
(0.052 ‐ 0.165)
0.000*
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
‐0.004
(‐0.261 ‐ 0.252)
‐0.194
(‐0.448 ‐ 0.060)
0.031
(‐0.096 ‐ 0.158)
0.178***
(0.074 ‐ 0.283)

‐0.092
(‐0.615 ‐ 0.430)
0.493
(‐0.095 ‐ 1.080)
0.144**
(0.018 ‐ 0.271)
0.000**
(0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
‐0.382
(‐0.980 ‐ 0.217)
0.223
(‐0.339 ‐ 0.784)
‐0.030
(‐0.309 ‐ 0.249)
‐0.184**
(‐0.346 ‐ ‐0.022)

‐2.279***
(‐2.797 ‐ ‐1.760)
Democracy
‐1.775***
(‐2.346 ‐ ‐1.205)

0.368
(‐0.293 ‐ 1.029)
‐0.406
(‐1.211 ‐ 0.398)

‐1.805***
(‐2.580 ‐ ‐1.031)
‐0.956***
(‐1.560 ‐ ‐0.352)

0.064
‐0.147
(‐0.607 ‐ 0.734) (‐0.579 ‐ 0.285)
‐1.296***
‐1.568***
(‐2.038 ‐ ‐0.555) (‐2.412 ‐ ‐0.725)

0.814
(‐0.270 ‐ 1.897)
0.130
(‐0.920 ‐ 1.180)

Capital region
Nighttime lights
Population
Area
Ports
Oil
Mines
Road Density
Polity
Anocracy
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Table A.1: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese aid, Using a Probit Model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
(6)
All
Communication
Health
Education
Transportation
Agriculture
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Year
2001
0.239*
0.981**
‐0.281
‐0.404
0.033
0.574*
(‐0.026 ‐ 0.504) (0.223 ‐ 1.740) (‐0.814 ‐ 0.251) (‐1.260 ‐ 0.452) (‐0.471 ‐ 0.538)
(‐0.085 ‐ 1.234)
2002
0.309**
0.755*
0.508***
0.254
‐0.142
(0.065 ‐ 0.554) (‐0.027 ‐ 1.536) (0.143 ‐ 0.873) (‐0.262 ‐ 0.769) (‐0.672 ‐ 0.389)
2003
0.213
0.308
‐0.102
‐0.195
0.358
0.647*
(‐0.058 ‐ 0.484) (‐0.573 ‐ 1.189) (‐0.562 ‐ 0.358) (‐0.907 ‐ 0.517) (‐0.088 ‐ 0.804)
(‐0.024 ‐ 1.319)
2004
0.342**
0.363
‐0.322
0.437
0.172
0.110
(0.077 ‐ 0.607) (‐0.498 ‐ 1.225) (‐0.839 ‐ 0.196) (‐0.118 ‐ 0.993) (‐0.293 ‐ 0.637)
(‐1.011 ‐ 1.232)
2005
0.616***
1.090***
0.709***
0.148
0.333
0.632*
(0.367 ‐ 0.864)
(0.339 ‐ 1.841)
(0.334 ‐ 1.083) (‐0.357 ‐ 0.652) (‐0.115 ‐ 0.781)
(‐0.058 ‐ 1.321)
2006
0.861***
1.295***
0.453**
0.920***
0.766***
1.348***
(0.626 ‐ 1.095)
(0.557 ‐ 2.033)
(0.058 ‐ 0.848)
(0.415 ‐ 1.424)
(0.367 ‐ 1.164)
(0.563 ‐ 2.133)
2007
1.097***
1.637***
0.288
1.011***
0.422*
0.652
(0.866 ‐ 1.328)
(0.914 ‐ 2.361) (‐0.104 ‐ 0.681) (0.507 ‐ 1.515) (‐0.004 ‐ 0.848)
(‐0.241 ‐ 1.545)
2008
0.755***
1.472***
0.323
0.774***
0.571***
1.107***
(0.511 ‐ 0.999)
(0.781 ‐ 2.163) (‐0.081 ‐ 0.727) (0.250 ‐ 1.298)
(0.167 ‐ 0.976)
(0.301 ‐ 1.912)
2009
0.757***
0.346
0.731***
0.799***
0.517**
1.221***
(0.526 ‐ 0.988) (‐0.529 ‐ 1.221) (0.359 ‐ 1.102)
(0.306 ‐ 1.292)
(0.111 ‐ 0.923)
(0.526 ‐ 1.916)
2010
0.845***
1.299***
0.914***
0.381
0.600***
0.948**
(0.618 ‐ 1.071)
(0.560 ‐ 2.039)
(0.584 ‐ 1.244) (‐0.130 ‐ 0.891) (0.178 ‐ 1.022)
(0.116 ‐ 1.780)
2011
0.691***
0.754*
0.570***
0.777***
0.818***
0.374
(0.440 ‐ 0.942) (‐0.031 ‐ 1.539) (0.185 ‐ 0.955)
(0.260 ‐ 1.294)
(0.437 ‐ 1.198)
(‐0.613 ‐ 1.361)
Country
Angola

1.576***
(1.133 ‐ 2.018)

‐0.409*
(‐0.865 ‐ 0.047)
183

1.197***
(0.380 ‐ 2.015)

‐0.314
(‐0.807 ‐ 0.180)

‐0.635
(‐1.696 ‐ 0.426)

Table A.1: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese aid, Using a Probit Model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
(6)
All
Communication
Health
Education
Transportation
Agriculture
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Benin
0.150
0.561
0.824*
(‐0.685 ‐ 0.985)
(‐0.296 ‐ 1.417) (‐0.124 ‐ 1.772)
Botswana
0.970***
1.208***
0.715
(0.371 ‐ 1.569)
(0.463 ‐ 1.953) (‐0.306 ‐ 1.737)
Burkina Faso
‐
‐
‐
‐
‐
‐
Burundi
Cameroon
Central African Republic
Chad
Côte d'Ivoire
Democratic Republic of the Congo
Djibouti
Egypt
Equatorial Guinea
Eritrea
Ethiopia

1.514***
(1.012 ‐ 2.016)
1.993***
(1.469 ‐ 2.516)
0.773*
(‐0.035 ‐ 1.581)
0.797**
(0.176 ‐ 1.417)
1.127***
(0.687 ‐ 1.567)
1.495***
(0.987 ‐ 2.004)
1.468***
(0.944 ‐ 1.991)
‐1.901***
(‐2.460 ‐ ‐1.342)
‐0.517*
(‐1.063 ‐ 0.030)
‐0.716**
(‐1.366 ‐ ‐0.066)
1.768***

‐0.988***
(‐1.579 ‐ ‐0.398)
‐0.824***
(‐1.429 ‐ ‐0.219)
‐1.080**
(‐1.929 ‐ ‐0.232)

‐1.244***
(‐1.812 ‐ ‐0.675)
‐0.125
(‐0.767 ‐ 0.516)
‐0.713***
(‐1.164 ‐ ‐0.261)

1.210**
(0.258 ‐ 2.163)
1.762***
(0.958 ‐ 2.566)

0.886**
(0.005 ‐ 1.766)
1.311***
(0.440 ‐ 2.182)
1.391***
(0.531 ‐ 2.250)

‐0.306
(‐1.061 ‐ 0.448)
‐0.363
(‐0.913 ‐ 0.187)
0.514
184

‐0.045
(‐0.769 ‐ 0.678)
‐0.066
(‐0.707 ‐ 0.575)

‐0.817**
(‐1.491 ‐ ‐0.143)
‐0.556
(‐1.359 ‐ 0.246)

‐0.439
(‐1.139 ‐ 0.261)
‐0.896**
‐0.617**
(‐1.643 ‐ ‐0.149) (‐1.149 ‐ ‐0.085)
‐0.588*
‐0.899**
(‐1.182 ‐ 0.006) (‐1.762 ‐ ‐0.035)
‐0.592**
(‐1.093 ‐ ‐0.092)
‐0.813**
(‐1.564 ‐ ‐0.062)
‐0.878***
0.124
(‐1.514 ‐ ‐0.242) (‐0.508 ‐ 0.756)
‐0.594
(‐1.903 ‐ 0.715)
‐0.185
‐0.013

‐0.904**
(‐1.784 ‐ ‐0.025)

‐1.563**
(‐2.791 ‐ ‐0.336)

‐5.770**

Table A.1: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese aid, Using a Probit Model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
(6)
All
Communication
Health
Education
Transportation
Agriculture
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
(1.213 ‐ 2.322)
(‐0.521 ‐ 1.548) (‐0.872 ‐ 0.502) (‐0.568 ‐ 0.542) (‐11.162 ‐ ‐0.379)
Gabon
1.636***
1.130**
(1.059 ‐ 2.213)
(0.225 ‐ 2.035)
Gambia
‐
‐
‐
‐
‐
‐
Ghana
Guinea
Guinea‐Bissau
Kenya
Lesotho
Liberia
Libya

2.357***
(1.903 ‐ 2.810)
1.763***
(1.277 ‐ 2.248)
1.520***
(1.007 ‐ 2.033)
1.496***
(1.069 ‐ 1.923)
1.205***
(0.488 ‐ 1.922)
2.017***
(1.536 ‐ 2.497)
‐

1.211***
(0.643 ‐ 1.779)
Malawi
0.627**
(0.081 ‐ 1.172)
Mali
1.611***
(1.072 ‐ 2.151)
Mauritania
‐1.050***
(‐1.621 ‐ ‐0.480)

0.139
(‐0.172 ‐ 0.450)
‐1.057***
(‐1.516 ‐ ‐0.598)

‐1.464***
(‐2.090 ‐ ‐0.837)
‐0.908***
(‐1.458 ‐ ‐0.359)
‐0.121
(‐0.517 ‐ 0.275)
‐

Madagascar

0.690**
(0.115 ‐ 1.265)

185

1.241**
(0.228 ‐ 2.255)
1.793***
(0.938 ‐ 2.647)
1.062
(‐0.290 ‐ 2.415)
0.773*
(‐0.031 ‐ 1.577)
0.977**
(0.064 ‐ 1.891)
1.743***
(0.843 ‐ 2.642)
‐
1.419***
(0.667 ‐ 2.170)
‐0.160
(‐0.856 ‐ 0.536)
0.574
(‐0.221 ‐ 1.368)
‐0.510*
(‐1.107 ‐ 0.086)

‐0.238
(‐0.875 ‐ 0.398)
‐0.407
(‐0.993 ‐ 0.179)

0.371
(‐0.119 ‐ 0.861)
‐0.473
(‐1.078 ‐ 0.132)

‐0.181
(‐1.060 ‐ 0.697)

‐0.948***
(‐1.566 ‐ ‐0.331)

‐0.013
(‐0.413 ‐ 0.388)

‐0.632
(‐1.461 ‐ 0.198)

‐0.270
(‐0.866 ‐ 0.326)
‐

‐0.563*
(‐1.189 ‐ 0.063)
‐

0.659
(‐0.248 ‐ 1.566)
‐

1.214***
(0.603 ‐ 1.825)
0.499*
(‐0.021 ‐ 1.019)

0.914*
(‐0.003 ‐ 1.830)
0.860*
(‐0.064 ‐ 1.783)
1.226***
(0.372 ‐ 2.081)
‐0.286
(‐0.743 ‐ 0.170)

Table A.1: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese aid, Using a Probit Model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
(6)
All
Communication
Health
Education
Transportation
Agriculture
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Morocco
‐1.191***
‐0.803***
‐0.993**
(‐1.629 ‐ ‐0.753)
(‐1.283 ‐ ‐0.323) (‐1.909 ‐ ‐0.077)
Mozambique
1.688***
‐0.430
1.075**
‐1.927*
‐1.339***
0.120
(1.203 ‐ 2.173) (‐0.947 ‐ 0.087) (0.104 ‐ 2.047) (‐3.866 ‐ 0.013) (‐2.142 ‐ ‐0.536) (‐0.742 ‐ 0.982)
Namibia
1.332***
0.332
1.575***
0.692
(0.778 ‐ 1.886)
(‐0.490 ‐ 1.154) (0.922 ‐ 2.227) (‐0.260 ‐ 1.644)
Niger
1.877***
1.677***
‐0.413
‐0.853***
(1.398 ‐ 2.356)
(0.691 ‐ 2.663) (‐1.013 ‐ 0.188) (‐1.411 ‐ ‐0.295)
Nigeria
1.185***
‐1.379***
1.324***
‐0.642**
‐0.472**
(0.783 ‐ 1.588) (‐2.099 ‐ ‐0.659) (0.596 ‐ 2.053) (‐1.191 ‐ ‐0.093) (‐0.878 ‐ ‐0.065)
Republic of Congo
‐0.571**
‐0.216
‐0.821***
‐0.062
(‐1.006 ‐ ‐0.136)
(‐0.724 ‐ 0.293) (‐1.435 ‐ ‐0.207) (‐0.448 ‐ 0.324)
Rwanda
2.325***
1.718***
0.131
0.294
0.709
(1.615 ‐ 3.036)
(0.615 ‐ 2.821) (‐0.757 ‐ 1.019) (‐0.314 ‐ 0.901)
(‐0.504 ‐ 1.922)
Senegal
0.072
0.814*
(‐0.562 ‐ 0.705)
(‐0.131 ‐ 1.760)
Sierra Leone
2.612***
1.430***
‐0.482*
‐0.000
1.622***
(2.107 ‐ 3.117)
(0.571 ‐ 2.288) (‐0.969 ‐ 0.006) (‐0.482 ‐ 0.481)
(0.848 ‐ 2.396)
South Africa
‐
‐
‐
‐
‐
‐
South Sudan

‐1.105***
(‐1.604 ‐ ‐0.605)
Sudan
‐

‐

‐0.770*
(‐1.648 ‐ 0.107)
‐

‐

‐0.138
(‐0.671 ‐ 0.395)
‐

‐

Swaziland

‐

‐

‐

‐

‐

‐

Tanzania

2.027***

0.101

1.974***

‐0.267

‐0.426*

‐0.437
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Table A.1: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese aid, Using a Probit Model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
(6)
All
Communication
Health
Education
Transportation
Agriculture
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
(1.590 ‐ 2.465) (‐0.187 ‐ 0.390) (1.193 ‐ 2.754) (‐0.797 ‐ 0.263) (‐0.894 ‐ 0.041)
(‐1.216 ‐ 0.341)
Togo
1.995***
2.069***
‐0.194
0.003
‐0.355
(1.579 ‐ 2.412)
(1.233 ‐ 2.906) (‐1.361 ‐ 0.973) (‐0.596 ‐ 0.601)
(‐1.078 ‐ 0.367)
Tunisia
‐0.024
(‐0.663 ‐ 0.615)
Uganda
1.658***
‐0.163
1.213***
‐0.421
‐0.557**
‐0.442
(1.225 ‐ 2.091) (‐0.459 ‐ 0.132) (0.383 ‐ 2.042) (‐0.969 ‐ 0.127) (‐1.080 ‐ ‐0.034) (‐1.293 ‐ 0.410)
Zambia
2.400***
0.202
2.311***
‐0.475
0.093
‐0.559
(1.982 ‐ 2.817) (‐0.129 ‐ 0.533) (1.529 ‐ 3.094) (‐1.077 ‐ 0.128) (‐0.409 ‐ 0.594)
(‐1.422 ‐ 0.303)
Zimbabwe
2.218***
1.730***
(1.775 ‐ 2.662)
(0.943 ‐ 2.517)
Constant
‐1.307***
‐3.022***
‐1.957***
‐2.623***
‐2.100***
‐4.010***
(‐1.692 ‐ ‐0.921) (‐3.943 ‐ ‐2.101) (‐2.378 ‐ ‐1.536) (‐3.308 ‐ ‐1.937) (‐2.561 ‐ ‐1.639) (‐5.178 ‐ ‐2.842)
Observations
8,388
4,452
6,756
5,964
6,336
3,355
*** p<0.01, ** p<0.05, * p<0.1
Note: dy/dx is the difference in the predicted probability of aid when the independent variable increases by 1
Reference includes: Autocracy, 2000, and Algeria
Observation loss is due to perfect prediction; this is further discussed in the limitations

Table A.2: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit Model (continued), 2000‐2011
(7)
(8)
(9)
(10)
(11)
(12)
Emergency
Energy
Government
Industry
Multisector
Social
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Birth region

0.753**
(0.178 ‐ 1.329)

0.323**
(0.053 ‐ 0.594)

‐0.015
(‐0.359 ‐ 0.330)
187

‐0.203
(‐0.864 ‐ 0.458)

0.251
(‐0.110 ‐ 0.611)

0.277
(‐0.379 ‐ 0.933)

Table A.2: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit Model (continued), 2000‐2011
(7)
(8)
(9)
(10)
(11)
(12)
Emergency
Energy
Government
Industry
Multisector
Social
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Capital region
0.495
0.376**
1.731***
0.022
0.309
0.920
(‐0.454 ‐ 1.444)
(0.040 ‐ 0.712)
(1.373 ‐ 2.090)
(‐0.611 ‐ 0.654)
(‐0.149 ‐ 0.767)
(‐6.022 ‐ 7.861)
Nighttime lights
‐0.042
0.063*
0.175***
0.096**
0.164***
0.089***
(‐0.211 ‐ 0.127)
(‐0.003 ‐ 0.128)
(0.083 ‐ 0.267)
(0.021 ‐ 0.171)
(0.080 ‐ 0.247)
(0.035 ‐ 0.144)
Population
0.000***
0.000***
‐0.000**
0.000
0.000*
0.000
(0.000 ‐ 0.000)
(0.000 ‐ 0.000)
(‐0.000 ‐ ‐0.000)
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
Area
‐0.000
0.000
‐0.000
‐0.000
0.000
0.000
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
Ports
0.544
0.221
0.006
‐0.101
0.389*
0.016
(‐0.133 ‐ 1.221)
(‐0.056 ‐ 0.499)
(‐0.252 ‐ 0.264)
(‐0.593 ‐ 0.391)
(‐0.011 ‐ 0.789)
(‐3.144 ‐ 3.177)
Oil
‐0.055
0.152
‐0.541**
‐0.114
‐0.504**
‐0.202
(‐0.659 ‐ 0.549)
(‐0.151 ‐ 0.455)
(‐0.979 ‐ ‐0.102)
(‐1.125 ‐ 0.897)
(‐0.986 ‐ ‐0.023)
(‐2.221 ‐ 1.817)
Mines
‐0.280
‐0.011
0.183*
0.168*
‐0.156*
0.077
(‐0.696 ‐ 0.135)
(‐0.140 ‐ 0.118)
(‐0.032 ‐ 0.399)
(‐0.019 ‐ 0.355)
(‐0.337 ‐ 0.024)
(‐0.084 ‐ 0.239)
Road Density
2.221*
‐0.140
‐0.017
‐0.320
‐0.228
0.211
(‐0.388 ‐ 4.831)
(‐0.790 ‐ 0.510)
(‐0.112 ‐ 0.078)
(‐1.328 ‐ 0.687)
(‐0.902 ‐ 0.447)
(‐0.521 ‐ 0.944)
Polity
Anocracy
‐1.622***
‐0.477*
0.748**
‐0.566
‐0.865***
‐0.584
(‐2.698 ‐ ‐0.546)
(‐1.018 ‐ 0.064)
(0.091 ‐ 1.405)
(‐3.504 ‐ 2.372)
(‐1.469 ‐ ‐0.261)
(‐3.807 ‐ 2.639)
Democracy
‐2.599***
‐0.877***
‐0.741
0.140
‐0.477
‐0.699
(‐4.130 ‐ ‐1.067)
(‐1.525 ‐ ‐0.230)
(‐1.877 ‐ 0.395)
(‐1.498 ‐ 1.778)
(‐1.253 ‐ 0.299)
(‐1.711 ‐ 0.312)
Year
2001
0.926
1.076**
0.346
‐0.004
0.402
(‐0.204 ‐ 2.056)
(0.073 ‐ 2.079)
(0.346 ‐ 0.346)
(‐0.750 ‐ 0.743)
(‐0.742 ‐ 1.545)
2002
0.672
‐0.280
1.141***
0.795
‐0.093
(‐0.490 ‐ 1.835)
(‐0.718 ‐ 0.158)
(0.301 ‐ 1.982)
(‐0.491 ‐ 2.082)
(‐0.983 ‐ 0.797)
2003
0.826
‐0.324
0.986*
0.548
‐0.048
0.165
188

Table A.2: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit Model (continued), 2000‐2011
(7)
(8)
(9)
(10)
(11)
(12)
Emergency
Energy
Government
Industry
Multisector
Social
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
(‐0.307 ‐ 1.959)
(‐0.745 ‐ 0.097)
(‐0.027 ‐ 1.999)
(‐1.233 ‐ 2.328)
(‐0.817 ‐ 0.720)
(‐1.077 ‐ 1.407)
2004
0.932
‐0.173
1.603***
‐0.115
‐0.372
0.855
(‐0.225 ‐ 2.088)
(‐0.590 ‐ 0.244)
(0.648 ‐ 2.557)
(‐2.211 ‐ 1.982)
(‐1.281 ‐ 0.538)
(‐1.407 ‐ 3.117)
2005
1.014*
0.157
0.890*
0.121
‐0.264
(‐0.135 ‐ 2.163)
(‐0.222 ‐ 0.536)
(‐0.124 ‐ 1.904)
(0.121 ‐ 0.121)
(‐1.052 ‐ 0.524)
2006
0.673
‐0.114
1.272**
0.894
0.272
0.562
(‐0.506 ‐ 1.852)
(‐0.540 ‐ 0.313)
(0.304 ‐ 2.240)
(‐0.236 ‐ 2.024)
(‐0.429 ‐ 0.972)
(‐1.018 ‐ 2.143)
2007
1.489**
0.402**
1.396***
0.778
0.482
0.716
(0.347 ‐ 2.630)
(0.063 ‐ 0.742)
(0.532 ‐ 2.260)
(‐0.543 ‐ 2.099)
(‐0.174 ‐ 1.137)
(‐1.923 ‐ 3.356)
2008
0.349
‐0.089
0.953*
0.712
0.306
‐0.080
(‐0.883 ‐ 1.580)
(‐0.510 ‐ 0.332)
(‐0.044 ‐ 1.950)
(‐0.778 ‐ 2.202)
(‐0.378 ‐ 0.990)
(‐0.969 ‐ 0.809)
2009
0.450
0.074
1.014**
0.318
0.473
0.310
(‐0.746 ‐ 1.646)
(‐0.308 ‐ 0.456)
(0.013 ‐ 2.016)
(‐1.391 ‐ 2.027)
(‐0.185 ‐ 1.130)
(‐0.308 ‐ 0.928)
2010
0.046
1.374***
0.819*
0.544*
0.487
(‐0.333 ‐ 0.424)
(0.403 ‐ 2.345)
(‐0.086 ‐ 1.723)
(‐0.104 ‐ 1.193)
(‐1.011 ‐ 1.986)
2011
‐0.156
1.489***
0.596
0.101
0.541
(‐0.588 ‐ 0.276)
(0.528 ‐ 2.451)
(‐0.881 ‐ 2.072)
(‐0.641 ‐ 0.843)
(‐0.972 ‐ 2.055)
Country
Angola

0.101
(‐1.107 ‐ 1.310)

0.088
(‐0.467 ‐ 0.643)

‐1.123***
(‐1.544 ‐ ‐0.701)

0.413
(‐7.139 ‐ 7.964)

‐

0.543
(‐1.246 ‐ 2.332)
‐

1.664
(‐1.291 ‐ 4.619)
‐

Benin
Botswana
Burkina Faso

‐
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Table A.2: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit Model (continued), 2000‐2011
(7)
(8)
(9)
(10)
(11)
(12)
Emergency
Energy
Government
Industry
Multisector
Social
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Burundi
‐0.125
‐2.048***
0.694
‐0.054
(‐1.041 ‐ 0.792)
(‐2.413 ‐ ‐1.682)
(‐0.445 ‐ 1.833)
(‐5.200 ‐ 5.091)
Cameroon
‐0.016
0.883
2.036
(‐0.851 ‐ 0.820)
(‐0.837 ‐ 2.603)
(‐1.008 ‐ 5.080)
Central African
Republic
‐0.343
0.661
(‐1.203 ‐ 0.518)
(‐7.019 ‐ 8.340)
Chad
‐1.913***
0.773
(‐2.281 ‐ ‐1.545)
(‐0.345 ‐ 1.891)
Côte d'Ivoire
‐0.958***
0.614
‐0.017
0.181
(‐1.297 ‐ ‐0.618)
(‐0.587 ‐ 1.815)
(‐0.703 ‐ 0.668)
(‐9.065 ‐ 9.427)
Democratic Republic
of the Congo
‐0.602
‐0.003
0.659
1.036**
(‐1.488 ‐ 0.284)
(‐0.877 ‐ 0.871)
(‐0.376 ‐ 1.694)
(0.198 ‐ 1.874)
Djibouti
‐1.789***
1.395
(‐2.144 ‐ ‐1.433)
(‐1.619 ‐ 4.410)
Egypt
‐0.180
‐0.364
(‐0.180 ‐ ‐0.180)
(‐1.631 ‐ 0.903)
Equatorial Guinea
‐0.255
‐0.292
(‐0.695 ‐ 0.184)
(‐0.872 ‐ 0.288)
Eritrea
0.964
(‐0.564 ‐ 2.492)
Ethiopia
0.131
0.258
‐1.381***
1.227*
0.661*
(‐1.059 ‐ 1.321)
(‐0.217 ‐ 0.732)
(‐1.702 ‐ ‐1.060)
(‐0.097 ‐ 2.551)
(‐0.016 ‐ 1.338)
Gabon
‐0.202
‐0.426
1.331***
1.457
(‐0.893 ‐ 0.490)
(‐0.947 ‐ 0.096)
(0.688 ‐ 1.974)
(‐0.637 ‐ 3.552)
Gambia
‐
‐
‐
‐
‐
‐
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Table A.2: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit Model (continued), 2000‐2011
(7)
(8)
(9)
(10)
(11)
(12)
Emergency
Energy
Government
Industry
Multisector
Social
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Ghana
Guinea
Guinea‐Bissau

‐1.569
(‐3.705 ‐ 0.567)

Kenya
Lesotho

0.583*
(‐0.007 ‐ 1.172)
0.175
(‐0.614 ‐ 0.963)
‐0.363
(‐1.006 ‐ 0.280)
0.107
(‐0.382 ‐ 0.596)

‐

‐0.908***
(‐1.283 ‐ ‐0.534)
‐1.309***
(‐1.735 ‐ ‐0.883)
‐1.219***
(‐1.621 ‐ ‐0.817)
‐1.836***
(‐2.226 ‐ ‐1.446)
‐0.995***
(‐1.411 ‐ ‐0.580)
‐0.366
(‐0.936 ‐ 0.203)
‐

‐0.257
(‐1.118 ‐ 0.603)
0.050
(‐0.910 ‐ 1.010)

0.220
(‐1.194 ‐ 1.634)
‐0.307
(‐1.847 ‐ 1.234)

0.474
(‐0.103 ‐ 1.050)

0.538
(‐0.123 ‐ 1.198)
‐1.363***
(‐2.104 ‐ ‐0.623)

1.672*
(‐0.038 ‐ 3.382)

0.339
(‐0.795 ‐ 1.473)

Liberia
Libya

‐

1.109***
(0.474 ‐ 1.745)

‐

1.375
(‐1.141 ‐ 3.891)
0.799
(‐8.808 ‐ 10.406)
1.222
(1.222 ‐ 1.222)
0.853
(‐4.217 ‐ 5.922)
0.730
(‐6.734 ‐ 8.195)
0.530
(‐8.188 ‐ 9.248)
‐

0.566
(‐0.163 ‐ 1.294)

0.529
(‐3.324 ‐ 4.383)
0.617
(‐2.206 ‐ 3.439)

0.400
(‐0.292 ‐ 1.092)

0.873
(‐0.318 ‐ 2.063)

‐

Madagascar
Malawi
Mali
Mauritania
Morocco
Mozambique

‐1.499**
(‐2.834 ‐ ‐0.163)

191

‐0.708
(‐0.708 ‐ ‐0.708)

Table A.2: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit Model (continued), 2000‐2011
(7)
(8)
(9)
(10)
(11)
(12)
Emergency
Energy
Government
Industry
Multisector
Social
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Namibia
0.962
0.490
1.359
(‐0.480 ‐ 2.404)
(‐0.335 ‐ 1.315)
(‐0.649 ‐ 3.367)
Niger
1.435***
‐0.431
1.285
0.548
(0.439 ‐ 2.431)
(‐1.199 ‐ 0.337)
(‐0.567 ‐ 3.138)
(‐5.772 ‐ 6.869)
Nigeria
‐0.896
‐0.508
0.086
0.093
(‐2.075 ‐ 0.283)
(‐1.122 ‐ 0.105)
(‐0.706 ‐ 0.879)
(‐0.646 ‐ 0.831)
Republic of Congo
‐0.631*
0.200
(‐1.303 ‐ 0.041)
(‐1.887 ‐ 2.287)
Rwanda
0.559
‐1.183***
1.010
1.232
(‐1.047 ‐ 2.165)
(‐1.524 ‐ ‐0.843)
(‐0.238 ‐ 2.259)
(‐0.961 ‐ 3.426)
Senegal
0.794
(‐4.144 ‐ 5.732)
Sierra Leone
0.487
‐0.665***
1.385***
1.118**
(‐0.229 ‐ 1.204)
(‐1.022 ‐ ‐0.307)
(0.733 ‐ 2.037)
(0.257 ‐ 1.978)
South Africa
‐
‐
‐
‐
‐
‐
South Sudan
Sudan

‐

‐

‐

‐

‐

‐

Swaziland

‐

‐

‐

‐

‐

‐

Tanzania

‐0.348
(‐1.604 ‐ 0.907)

0.401
(‐0.478 ‐ 1.280)

‐0.053
(‐0.680 ‐ 0.574)
0.704**
(0.044 ‐ 1.365)

1.088
(‐1.031 ‐ 3.206)

Togo
Tunisia

‐0.225
(‐1.237 ‐ 0.786)
‐0.722**

‐1.181***
(‐1.517 ‐ ‐0.845)
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Table A.2: Full Table of Marginal Effects for the Probability of an African Region Receiving Chinese Aid, Using a Probit Model (continued), 2000‐2011
(7)
(8)
(9)
(10)
(11)
(12)
Emergency
Energy
Government
Industry
Multisector
Social
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
(‐1.411 ‐ ‐0.032)
Uganda
‐0.160
‐0.336
‐1.349***
0.328
0.824
(‐1.373 ‐ 1.053)
(‐0.892 ‐ 0.219)
(‐1.937 ‐ ‐0.761)
(‐0.649 ‐ 1.305)
(‐4.461 ‐ 6.109)
Zambia
0.830
0.579*
‐0.580**
0.888
(‐0.447 ‐ 2.107)
(‐0.041 ‐ 1.198)
(‐1.138 ‐ ‐0.022)
(‐2.763 ‐ 4.539)
Zimbabwe
0.969
0.956
(‐0.732 ‐ 2.671)
(‐2.796 ‐ 4.708)
Constant
‐2.842***
‐1.588***
‐3.510***
‐3.183
‐2.174***
‐3.238
(‐4.200 ‐ ‐1.485)
(‐2.058 ‐ ‐1.119)
(‐4.594 ‐ ‐2.426)
(‐3.183 ‐ ‐3.183)
(‐2.815 ‐ ‐1.532) (‐11.152 ‐ 4.676)
Observations
2,920
4,510
4,992
4,392
2,630
6,072
*** p<0.01, ** p<0.05,
* p<0.1
Note: dy/dx is the difference in the predicted probability of aid when the independent variable increases by 1
Reference includes: Autocracy, 2000, and Algeria
Observation loss is due to perfect prediction; this is further discussed in the limitations

Table A.3: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a Region, Conditional
on Receiving Any Aid, 2000‐2011
VARIABLES

Birth region
Capital region

(1)
All
OLS (95% CI)

(2)
Health
OLS (95% CI)

(3)
Education
OLS (95% CI)

(4)
Transportation
OLS (95% CI)

(5)
Agriculture
OLS (95% CI)

(6)
Emergency
OLS (95% CI)

1.853***
(0.532 ‐ 3.175)
1.149

‐3.735***
(‐6.089 ‐ ‐1.381)
2.021

5.474**
(0.937 ‐ 10.011)
1.844

‐1.507
(‐5.198 ‐ 2.184)
‐1.023

2.610
(‐4.214 ‐ 9.434)
12.641

‐0.002
(‐3.445 ‐ 3.441)
‐1.532
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Table A.3: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a Region, Conditional
on Receiving Any Aid, 2000‐2011
VARIABLES

Nighttime lights
Population
Area
Ports
Oil
Mines
Road Density

(1)
All
OLS (95% CI)
(‐0.290 ‐ 2.588)
0.336**
(0.039 ‐ 0.634)
‐0.000
(‐0.000 ‐ 0.000)
0.000**
(0.000 ‐ 0.000)
0.907
(‐0.691 ‐ 2.505)
‐0.529
(‐2.627 ‐ 1.570)
0.034
(‐0.532 ‐ 0.600)
0.287
(‐0.177 ‐ 0.751)

(2)
Health
OLS (95% CI)
(‐0.455 ‐ 4.496)
0.356
(‐0.342 ‐ 1.053)
‐0.000
(‐0.000 ‐ 0.000)
0.000**
(0.000 ‐ 0.000)
‐1.118
(‐3.656 ‐ 1.420)
0.164
(‐1.947 ‐ 2.276)
‐0.298
(‐1.406 ‐ 0.810)
‐0.063
(‐0.832 ‐ 0.706)

(3)
Education
OLS (95% CI)
(‐2.842 ‐ 6.530)
‐0.631
(‐1.573 ‐ 0.311)
‐0.000
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
‐0.024
(‐5.789 ‐ 5.741)
‐0.869
(‐5.217 ‐ 3.478)
0.555
(‐1.378 ‐ 2.488)
1.010
(‐3.146 ‐ 5.166)

(4)
Transportation
OLS (95% CI)
(‐5.281 ‐ 3.235)
0.945**
(0.115 ‐ 1.775)
‐0.000
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
2.111
(‐1.188 ‐ 5.411)
‐2.689
(‐8.215 ‐ 2.836)
‐0.205
(‐2.275 ‐ 1.866)
‐1.161
(‐6.351 ‐ 4.029)

(5)
Agriculture
OLS (95% CI)
(‐9.025 ‐ 34.307)
‐2.993
(‐7.956 ‐ 1.971)
0.000**
(0.000 ‐ 0.000)
‐0.000*
(‐0.000 ‐ 0.000)
6.586
(‐2.086 ‐ 15.258)
‐10.258**
(‐20.475 ‐ ‐0.042)
3.286**
(0.425 ‐ 6.146)
6.094
(‐20.510 ‐ 32.698)

(6)
Emergency
OLS (95% CI)
(‐4.015 ‐ 0.952)
0.328
(‐0.549 ‐ 1.205)
‐0.000
(‐0.000 ‐ 0.000)
0.000***
(0.000 ‐ 0.000)
‐1.282***
(‐2.061 ‐ ‐0.504)
‐0.125
(‐1.172 ‐ 0.922)
‐0.696
(‐2.411 ‐ 1.018)
2.315
(‐6.774 ‐ 11.403)

1.121
(‐5.744 ‐ 7.986)
‐3.942
(‐9.209 ‐ 1.326)

‐20.194***
(‐27.252 ‐ ‐13.137)
‐14.107***
(‐20.753 ‐ ‐7.461)

‐17.438***
(‐27.157 ‐ ‐7.719)
‐10.880**
(‐21.237 ‐ ‐0.524)

7.864
(‐35.769 ‐ 51.497)
2.201
(‐7.872 ‐ 12.274)

‐198.812**
(‐356.527 ‐ ‐41.098)

6.050
(‐4.224 ‐ 16.324)

‐1.835
(‐4.705 ‐ 1.035)
‐3.088**
(‐6.151 ‐ ‐0.025)
‐2.277

‐9.876***
(‐14.824 ‐ ‐4.929)
‐7.974***
(‐12.596 ‐ ‐3.351)
‐20.390***

13.413***
(8.444 ‐ 18.382)

‐10.480**
(‐19.406 ‐ ‐1.554)
8.281**

3.219
(‐3.010 ‐ 9.449)
‐14.972***
(‐23.598 ‐ ‐6.346)
‐1.409

‐14.462***
(‐17.775 ‐ ‐11.149)
‐14.261***
(‐19.156 ‐ ‐9.366)
‐10.976***

Polity
Anocracy
Democracy
Year
2001
2002
2003
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4.210

Table A.3: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a Region, Conditional
on Receiving Any Aid, 2000‐2011
VARIABLES

2004
2005
2006
2007
2008
2009
2010
2011

(1)
All
OLS (95% CI)
(‐5.450 ‐ 0.896)
‐3.170**
(‐6.242 ‐ ‐0.097)
‐2.592*
(‐5.486 ‐ 0.301)
‐1.523
(‐4.164 ‐ 1.117)
‐1.214
(‐3.948 ‐ 1.520)
1.054
(‐1.451 ‐ 3.559)
‐1.397
(‐4.160 ‐ 1.367)
‐0.650
(‐3.237 ‐ 1.936)
‐1.446
(‐4.359 ‐ 1.467)

(2)
Health
OLS (95% CI)
(‐29.105 ‐ ‐11.674)
‐24.510***
(‐31.361 ‐ ‐17.658)
‐12.080***
(‐17.726 ‐ ‐6.434)
‐13.082***
(‐17.715 ‐ ‐8.449)
‐11.437***
(‐14.983 ‐ ‐7.891)
‐11.217***
(‐15.804 ‐ ‐6.629)
‐10.934***
(‐14.202 ‐ ‐7.666)
‐11.568***
(‐14.511 ‐ ‐8.625)
‐13.866***
(‐19.004 ‐ ‐8.728)

1.896
(‐4.879 ‐ 8.672)
4.694*
(‐0.627 ‐ 10.014)
8.540***
(3.908 ‐ 13.173)
‐

21.056***
(14.940 ‐ 27.171)

(3)
Education
OLS (95% CI)
(1.197 ‐ 15.366)
‐5.339
(‐14.383 ‐ 3.705)
‐6.054*
(‐12.536 ‐ 0.428)
‐3.792
(‐12.638 ‐ 5.054)
‐6.943
(‐16.474 ‐ 2.588)
‐1.438
(‐10.431 ‐ 7.556)
‐7.227*
(‐15.319 ‐ 0.865)
‐5.370
(‐13.624 ‐ 2.883)
‐8.600*
(‐17.604 ‐ 0.404)

(4)
Transportation
OLS (95% CI)
(‐8.397 ‐ 5.579)
‐12.226***
(‐20.907 ‐ ‐3.546)
‐11.604***
(‐20.276 ‐ ‐2.932)
‐7.438**
(‐13.883 ‐ ‐0.993)
‐0.695
(‐6.498 ‐ 5.109)
‐1.073
(‐6.453 ‐ 4.308)
‐0.291
(‐6.270 ‐ 5.688)
‐3.660
(‐10.507 ‐ 3.187)
‐6.723**
(‐13.214 ‐ ‐0.232)

(5)
Agriculture
OLS (95% CI)
(‐3.069 ‐ 11.490)
‐53.534**
(‐99.679 ‐ ‐7.388)
0.818
(‐4.994 ‐ 6.630)
7.463**
(1.609 ‐ 13.318)
‐25.737***
(‐37.619 ‐ ‐13.854)
9.903**
(2.022 ‐ 17.784)
‐1.221
(‐6.427 ‐ 3.985)
6.490*
(‐0.105 ‐ 13.086)
1.990
(‐14.964 ‐ 18.944)

(6)
Emergency
OLS (95% CI)
(‐19.106 ‐ ‐2.845)
‐4.723
(‐19.909 ‐ 10.464)
‐4.817
(‐20.226 ‐ 10.593)
‐4.190
(‐21.343 ‐ 12.962)
‐13.007***
(‐21.708 ‐ ‐4.306)
‐0.641
(‐15.252 ‐ 13.969)
‐3.696
(‐20.259 ‐ 12.867)

225.722***
(62.350 ‐ 389.094)

4.149
(‐2.450 ‐ 10.748)

3.300
(‐8.988 ‐ 15.588)
8.363**
(0.532 ‐ 16.195)
‐

‐0.803
(‐44.427 ‐ 42.821)
‐8.612*
(‐18.256 ‐ 1.031)
‐3.528
(‐12.137 ‐ 5.082)
‐

‐

‐

Country

Angola
Benin
Botswana
Burkina Faso

‐
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Table A.3: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a Region, Conditional
on Receiving Any Aid, 2000‐2011
VARIABLES

Burundi
Cameroon
Central African
Republic
Chad
Côte d'Ivoire
Democratic Republic
of the Congo
Djibouti
Egypt
Equatorial Guinea
Eritrea
Ethiopia
Gabon

(1)
All
OLS (95% CI)
‐2.013
(‐8.441 ‐ 4.415)
5.362
(‐1.318 ‐ 12.041)
1.638
(‐5.848 ‐ 9.123)
6.554*
(‐0.197 ‐ 13.305)
1.365
(‐5.016 ‐ 7.747)
2.557
(‐4.562 ‐ 9.675)
5.081
(‐0.980 ‐ 11.142)
2.327
(‐3.934 ‐ 8.588)
3.036
(‐1.864 ‐ 7.936)
1.228
(‐5.815 ‐ 8.272)
1.152
(‐5.636 ‐ 7.940)
‐0.331
(‐6.983 ‐ 6.320)

(2)
Health
OLS (95% CI)
13.640**
(2.120 ‐ 25.161)
18.050***
(7.970 ‐ 28.129)

(3)
Education
OLS (95% CI)
11.135**
(1.073 ‐ 21.196)
4.429
(‐5.041 ‐ 13.899)

(4)
Transportation
OLS (95% CI)
‐26.258
(‐64.128 ‐ 11.611)
4.210
(‐39.244 ‐ 47.664)

22.022***
(16.049 ‐ 27.995)

8.785
(‐2.639 ‐ 20.209)

‐8.771
(‐50.111 ‐ 32.570)
‐5.381
(‐48.730 ‐ 37.969)

13.228***
(4.169 ‐ 22.286)
18.630***
(12.295 ‐ 24.964)

4.287
(‐4.830 ‐ 13.403)
20.022***
(10.976 ‐ 29.067)
1.894
(‐6.956 ‐ 10.744)
‐7.399
(‐19.419 ‐ 4.621)
‐9.777*
(‐20.018 ‐ 0.464)
9.720***
(2.560 ‐ 16.879)

‐13.250***
(‐19.019 ‐ ‐7.481)
11.869***
(6.079 ‐ 17.660)
5.734
(‐1.277 ‐ 12.744)
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(5)
Agriculture
OLS (95% CI)

(6)
Emergency
OLS (95% CI)

205.315***
(56.329 ‐ 354.300)

‐2.809
(‐45.820 ‐ 40.202)

‐6.186
(‐13.876 ‐ 1.505)

‐9.809
(‐52.988 ‐ 33.370)

‐0.033
(‐2.880 ‐ 2.815)

Table A.3: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a Region, Conditional
on Receiving Any Aid, 2000‐2011
VARIABLES

Gambia
Ghana
Guinea
Guinea‐Bissau
Kenya
Lesotho
Liberia
Libya
Madagascar
Malawi
Mali
Mauritania
Morocco

(1)
All
OLS (95% CI)
‐

(2)
Health
OLS (95% CI)
‐

(3)
Education
OLS (95% CI)
‐

(4)
Transportation
OLS (95% CI)
‐

(5)
Agriculture
OLS (95% CI)
‐

5.260*
(‐0.863 ‐ 11.382)
‐3.668
(‐10.464 ‐ 3.128)
‐3.353
(‐9.981 ‐ 3.276)
2.264
(‐4.062 ‐ 8.590)
0.871
(‐5.999 ‐ 7.740)
1.420
(‐4.756 ‐ 7.596)
‐

15.174***
(9.359 ‐ 20.988)
9.241**
(2.010 ‐ 16.471)
35.170***
(26.057 ‐ 44.284)
13.304***
(4.516 ‐ 22.091)
9.063***
(2.918 ‐ 15.209)
15.472***
(9.647 ‐ 21.297)
‐

9.886**
(1.776 ‐ 17.996)
9.231
(‐2.161 ‐ 20.622)

‐9.846
(‐52.476 ‐ 32.784)
‐21.757
(‐64.019 ‐ 20.506)

208.114***
(53.306 ‐ 362.923)

‐2.585
(‐10.230 ‐ 5.059)
4.447
(‐1.011 ‐ 9.906)
8.302***
(3.929 ‐ 12.676)
‐

‐0.350
(‐5.331 ‐ 4.631)
‐2.713
(‐7.681 ‐ 2.255)
10.243***
(5.158 ‐ 15.328)

4.448*
(‐0.513 ‐ 9.408)

‐2.879
(‐8.943 ‐ 3.185)

(6)
Emergency
OLS (95% CI)
‐

‐8.999**
(‐16.227 ‐ ‐1.771)
13.533*
(‐1.573 ‐ 28.640)

‐12.733
(‐53.310 ‐ 27.843)

205.767**
(42.332 ‐ 369.202)
‐11.952***
(‐16.467 ‐ ‐7.438)

15.023***
(5.479 ‐ 24.567)
‐

9.107*
(‐0.296 ‐ 18.510)
0.671
(‐7.996 ‐ 9.338)
‐
6.364
(‐5.830 ‐ 18.557)
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‐12.319
(‐53.150 ‐ 28.512)
‐

216.398**
(49.930 ‐ 382.866)
‐

‐

‐

‐

12.853**
(2.095 ‐ 23.610)
‐2.780
(‐13.322 ‐ 7.762)
‐2.348
(‐11.596 ‐ 6.899)

Table A.3: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a Region, Conditional
on Receiving Any Aid, 2000‐2011
VARIABLES

Mozambique
Namibia
Niger
Nigeria
Republic of Congo
Rwanda
Senegal
Sierra Leone
South Africa
South Sudan
Sudan
Swaziland
Tanzania

(1)
All
OLS (95% CI)
1.348
(‐5.450 ‐ 8.146)
0.840
(‐3.968 ‐ 5.647)
‐1.714
(‐9.145 ‐ 5.717)
5.707*
(‐0.519 ‐ 11.933)
6.087***
(1.744 ‐ 10.431)
0.774
(‐5.741 ‐ 7.289)
11.548***
(6.592 ‐ 16.505)
‐7.050**
(‐13.432 ‐ ‐0.667)
‐

(2)
Health
OLS (95% CI)
1.707
(‐2.311 ‐ 5.725)

13.889***
(6.903 ‐ 20.875)
18.575***
(11.886 ‐ 25.263)
‐4.072
(‐9.631 ‐ 1.488)
7.363**
(0.920 ‐ 13.805)
3.610
(‐1.057 ‐ 8.277)
2.733
(‐2.735 ‐ 8.201)
‐

4.216
(‐2.364 ‐ 10.795)
4.977***
(1.267 ‐ 8.688)
‐
1.145
(‐4.970 ‐ 7.260)

(3)
Education
OLS (95% CI)
14.481
(‐24.183 ‐ 53.144)
3.486
(‐5.281 ‐ 12.254)
25.593***
(17.207 ‐ 33.978)
18.521***
(8.954 ‐ 28.089)

(4)
Transportation
OLS (95% CI)

(5)
Agriculture
OLS (95% CI)
238.651***
(70.904 ‐ 406.398)

‐

‐19.760***
(‐28.679 ‐ ‐10.842)
‐4.766
(‐49.286 ‐ 39.755)
‐0.488
(‐44.286 ‐ 43.310)
‐0.950
(‐8.365 ‐ 6.464)
‐15.387
(‐58.554 ‐ 27.781)
4.893
(‐5.936 ‐ 15.721)
‐10.668
(‐52.755 ‐ 31.419)
‐

‐4.110
(‐10.232 ‐ 2.012)
‐

‐10.107**
(‐18.816 ‐ ‐1.397)
‐

‐1.379
(‐8.437 ‐ 5.679)
‐

‐

7.330**
(1.194 ‐ 13.465)

5.886
(‐3.457 ‐ 15.229)

‐7.645
(‐50.418 ‐ 35.129)

207.605***
(53.112 ‐ 362.098)

21.423***
(12.487 ‐ 30.360)
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(6)
Emergency
OLS (95% CI)

‐9.903***
(‐16.971 ‐ ‐2.836)
3.719*
(‐0.567 ‐ 8.004)

200.113**
(42.982 ‐ 357.245)
25.564**
(2.798 ‐ 48.330)
194.992**
(33.899 ‐ 356.085)
‐

‐11.316*
(‐23.476 ‐ 0.844)

‐

‐1.692
(‐4.110 ‐ 0.725)
‐

Table A.3: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid Received by a Region, Conditional
on Receiving Any Aid, 2000‐2011
(1)
All
VARIABLES
OLS (95% CI)
Togo
‐4.008
(‐11.024 ‐ 3.008)
Tunisia
0.700
(‐5.949 ‐ 7.349)
Uganda
3.870
(‐2.185 ‐ 9.924)
Zambia
4.247
(‐1.947 ‐ 10.441)
Zimbabwe
2.298
(‐3.763 ‐ 8.358)
Constant
9.980***
(5.906 ‐ 14.054)
Observations
884
*** p<0.01, ** p<0.05, * p<0.1

(2)
Health
OLS (95% CI)
6.443*
(‐0.141 ‐ 13.028)

(3)
Education
OLS (95% CI)
2.001
(‐6.884 ‐ 10.886)

(4)
Transportation
OLS (95% CI)
‐8.150
(‐52.912 ‐ 36.612)

(5)
Agriculture
OLS (95% CI)
192.800**
(34.209 ‐ 351.390)

(6)
Emergency
OLS (95% CI)

14.366***
(12.091 ‐ 16.642)
17.806***
(11.667 ‐ 23.946)
16.626***
(10.493 ‐ 22.759)
27.548***
(21.672 ‐ 33.424)
223

15.842***
(9.914 ‐ 21.770)
7.823
(‐1.636 ‐ 17.283)
16.423***
(7.726 ‐ 25.119)
15.465***
(5.697 ‐ 25.233)
110

‐11.815
(‐55.825 ‐ 32.195)
‐7.304
(‐50.829 ‐ 36.221)
‐17.464
(‐60.025 ‐ 25.097)
20.630***
(13.471 ‐ 27.789)
157

217.103***
(54.659 ‐ 379.546)
199.557**
(39.184 ‐ 359.929)
209.342***
(50.317 ‐ 368.367)
‐24.919**
(‐45.348 ‐ ‐4.490)
51

0.582
(‐4.934 ‐ 6.099)
‐0.112
(‐8.281 ‐ 8.057)

Table A.4: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid
Received by a Region, Conditional on Receiving Any Aid (continued), 2000‐2011
VARIABLES

Birth region
Capital region
Nighttime lights

(7)
Energy
OLS (95% CI)

(8)
Government
OLS (95% CI)

(9)
Industry
OLS (95% CI)

(10)
Social
OLS (95% CI)

2.415
(‐2.504 ‐ 7.333)
‐4.076
(‐10.460 ‐ 2.308)
1.101

8.571
(‐2.238 ‐ 19.380)
‐5.633
(‐12.821 ‐ 1.556)
3.144

17.982
(‐62.248 ‐ 98.213)
7.532
(‐24.660 ‐ 39.724)
1.252

2.540
(‐2.173 ‐ 7.253)
0.524
(‐2.309 ‐ 3.356)
‐0.515
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17.974**
(3.825 ‐ 32.123)
48

Table A.4: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid
Received by a Region, Conditional on Receiving Any Aid (continued), 2000‐2011
VARIABLES

Population
Area
Ports
Oil
Mines
Road Density

(7)
Energy
OLS (95% CI)
(‐0.409 ‐ 2.612)
0.000
(‐0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
3.164
(‐1.292 ‐ 7.621)
3.105
(‐3.712 ‐ 9.922)
0.279
(‐1.843 ‐ 2.402)
‐1.474
(‐7.840 ‐ 4.891)

(8)
Government
OLS (95% CI)
(‐0.668 ‐ 6.956)
‐0.000
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
4.249
(‐9.718 ‐ 18.215)
‐0.906
(‐18.682 ‐ 16.871)
1.644
(‐1.905 ‐ 5.194)
‐7.161
(‐31.521 ‐ 17.199)

(9)
Industry
OLS (95% CI)
(‐9.723 ‐ 12.227)
0.000
(‐0.000 ‐ 0.000)
0.000
(‐0.000 ‐ 0.000)
4.874
(‐21.995 ‐ 31.743)
‐7.905
(‐50.271 ‐ 34.461)
‐6.948
(‐29.013 ‐ 15.118)
‐26.355
(‐241.965 ‐ 189.254)

(10)
Social
OLS (95% CI)
(‐1.797 ‐ 0.766)
‐0.000
(‐0.000 ‐ 0.000)
‐0.000
(‐0.000 ‐ 0.000)
3.326
(‐1.219 ‐ 7.870)
0.454
(‐4.127 ‐ 5.036)
0.661
(‐0.741 ‐ 2.063)
4.821
(‐9.109 ‐ 18.752)

10.252
(‐5.873 ‐ 26.378)
21.053***
(6.494 ‐ 35.612)

40.852
(‐150.994 ‐ 232.698)
‐33.329***
(‐56.368 ‐ ‐10.290)

‐10.916
(‐27.629 ‐ 5.796)
23.095
(‐61.988 ‐ 108.179)

11.952***
(4.882 ‐ 19.022)
‐6.661
(‐17.511 ‐ 4.189)

‐9.116
(‐22.131 ‐ 3.899)
4.028
(‐1.345 ‐ 9.400)
5.193

‐6.662
(‐18.127 ‐ 4.804)
‐2.684
(‐7.016 ‐ 1.648)
‐5.675
(‐14.919 ‐ 3.569)
‐10.498*

‐3.660
(‐36.657 ‐ 29.338)
‐5.764
(‐31.176 ‐ 19.648)
‐21.318
(‐65.891 ‐ 23.255)
‐17.782

‐10.873**
(‐19.262 ‐ ‐2.485)
‐13.083***
(‐20.977 ‐ ‐5.190)
‐10.555**
(‐21.072 ‐ ‐0.039)
‐12.664***

Polity
Anocracy
Democracy
Year
2001
2002
2003
2004
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Table A.4: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid
Received by a Region, Conditional on Receiving Any Aid (continued), 2000‐2011
VARIABLES

2005
2006
2007
2008
2009
2010
2011

(7)
Energy
OLS (95% CI)
(‐5.455 ‐ 15.840)
1.636
(‐3.615 ‐ 6.888)
‐5.529
(‐15.491 ‐ 4.433)
1.790
(‐2.443 ‐ 6.023)
3.828
(‐7.226 ‐ 14.882)
‐2.403
(‐10.330 ‐ 5.524)
1.423
(‐2.716 ‐ 5.561)
‐11.110**
(‐20.949 ‐ ‐1.271)

(8)
Government
OLS (95% CI)
(‐22.718 ‐ 1.721)
‐10.357**
(‐19.832 ‐ ‐0.882)
‐10.274*
(‐20.633 ‐ 0.084)
‐11.617***
(‐15.949 ‐ ‐7.285)
‐14.156
(‐31.441 ‐ 3.130)
‐10.164**
(‐18.956 ‐ ‐1.372)
‐9.427
(‐22.259 ‐ 3.405)
‐9.305**
(‐17.680 ‐ ‐0.931)

(9)
Industry
OLS (95% CI)
(‐40.557 ‐ 4.994)
‐3.705
(‐24.797 ‐ 17.388)
‐20.857*
(‐45.702 ‐ 3.988)
‐14.014
(‐59.099 ‐ 31.070)
‐0.207
(‐21.973 ‐ 21.560)
‐41.283
(‐140.278 ‐ 57.711)
‐0.633
(‐23.409 ‐ 22.142)
‐7.506
(‐52.844 ‐ 37.831)

(10)
Social
OLS (95% CI)
(‐21.352 ‐ ‐3.976)
‐25.347***
(‐32.125 ‐ ‐18.570)
‐9.548**
(‐16.950 ‐ ‐2.146)
‐10.217*
(‐21.328 ‐ 0.893)
‐6.761
(‐26.108 ‐ 12.587)
‐21.095***
(‐29.908 ‐ ‐12.282)
‐8.320**
(‐15.022 ‐ ‐1.618)
‐12.723***
(‐19.235 ‐ ‐6.212)

‐9.917*
(‐21.551 ‐ 1.718)

‐65.846
(‐262.664 ‐ 130.973)

‐7.415
(‐22.948 ‐ 8.117)

‐

20.917*
(‐3.280 ‐ 45.115)
‐

18.424***
(10.163 ‐ 26.684)
‐

‐9.185
(‐22.840 ‐ 4.469)

‐47.135
(‐191.041 ‐ 96.771)

Country

Angola
Benin
Botswana
Burkina Faso
Burundi
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‐

‐17.194
(‐55.851 ‐ 21.464)

Table A.4: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid
Received by a Region, Conditional on Receiving Any Aid (continued), 2000‐2011
VARIABLES

Cameroon
Central African Republic

(7)
Energy
OLS (95% CI)
‐9.214
(‐20.406 ‐ 1.978)
6.369
(‐1.719 ‐ 14.457)

Chad
Côte d'Ivoire
Democratic Republic of the
Congo
Djibouti

(8)
Government
OLS (95% CI)

(9)
Industry
OLS (95% CI)
23.688
(‐5.034 ‐ 52.410)

‐41.636
(‐236.430 ‐ 153.158)
‐47.505
(‐241.956 ‐ 146.945)

38.072
(‐11.674 ‐ 87.819)
16.424
(‐23.641 ‐ 56.489)

‐42.430
(‐230.070 ‐ 145.211)
‐40.858
(‐224.501 ‐ 142.785)

4.618
(‐36.291 ‐ 45.526)

Egypt
Equatorial Guinea

‐4.588
(‐17.184 ‐ 8.007)

‐1.221
(‐15.936 ‐ 13.495)

Gambia

‐9.056
(‐23.539 ‐ 5.426)
‐3.676
(‐18.334 ‐ 10.983)
‐

‐46.970
(‐239.392 ‐ 145.451)
‐50.295
(‐245.718 ‐ 145.128)
‐

Ghana

‐6.686

‐44.025

Gabon

‐9.239**
(‐17.762 ‐ ‐0.717)

4.587
(‐15.354 ‐ 24.527)

Eritrea
Ethiopia

(10)
Social
OLS (95% CI)
‐1.289
(‐12.925 ‐ 10.347)
0.452
(‐6.546 ‐ 7.450)

22.755
(‐12.418 ‐ 57.927)
11.338
(‐6.308 ‐ 28.984)

‐

‐11.406
(‐31.901 ‐ 9.089)
‐
‐3.919*
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Table A.4: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid
Received by a Region, Conditional on Receiving Any Aid (continued), 2000‐2011
VARIABLES

Guinea
Guinea‐Bissau
Kenya

(7)
Energy
OLS (95% CI)
(‐19.043 ‐ 5.672)
‐3.131
(‐18.893 ‐ 12.631)
‐16.152*
(‐34.389 ‐ 2.086)
‐9.135
(‐22.025 ‐ 3.754)

Lesotho
Liberia
Libya

‐

(8)
Government
OLS (95% CI)
(‐235.384 ‐ 147.334)
‐49.030
(‐241.235 ‐ 143.176)
‐50.184
(‐236.649 ‐ 136.282)
‐49.794
(‐237.882 ‐ 138.293)
‐39.545
(‐233.391 ‐ 154.300)
‐51.250
(‐235.475 ‐ 132.975)
‐

(9)
Industry
OLS (95% CI)

‐

(10)
Social
OLS (95% CI)
(‐8.043 ‐ 0.205)
‐10.868***
(‐18.075 ‐ ‐3.661)
‐21.453***
(‐37.180 ‐ ‐5.726)
‐3.370
(‐11.125 ‐ 4.385)
‐1.244
(‐8.418 ‐ 5.930)
4.615
(‐11.598 ‐ 20.827)
‐

‐19.722
(‐81.524 ‐ 42.081)
‐

30.236***
(20.228 ‐ 40.243)
4.100
(‐3.081 ‐ 11.280)
‐

18.797
(‐16.244 ‐ 53.837)

Madagascar
Malawi

‐17.673***
(‐29.206 ‐ ‐6.139)

Mali
Mauritania
Morocco

‐

36.839**
(5.940 ‐ 67.738)
18.734
(‐6.704 ‐ 44.172)
‐
‐10.810
(‐32.977 ‐ 11.356)

Mozambique
Namibia

20.675
(‐28.006 ‐ 69.356)
24.289
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‐5.919
(‐13.735 ‐ 1.896)
‐41.381
(‐157.163 ‐ 74.401)
0.820

Table A.4: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid
Received by a Region, Conditional on Receiving Any Aid (continued), 2000‐2011
(7)
Energy
OLS (95% CI)

VARIABLES

Niger
Nigeria

(8)
Government
OLS (95% CI)
(‐6.840 ‐ 55.418)

‐27.438***
(‐40.870 ‐ ‐14.005)
‐1.544
(‐16.156 ‐ 13.068)

‐40.352
(‐229.589 ‐ 148.886)
‐30.302***
(‐44.359 ‐ ‐16.246)
‐22.497***
(‐35.572 ‐ ‐9.423)
‐

‐51.599
(‐234.791 ‐ 131.592)
‐

‐

‐14.617***
(‐25.589 ‐ ‐3.645)
13.618**
(1.862 ‐ 25.375)
‐18.227**
(‐32.176 ‐ ‐4.279)
‐

2.425
(‐7.397 ‐ 12.246)
‐

‐

‐

‐

40.543*
(‐4.632 ‐ 85.717)

‐13.370***
(‐19.721 ‐ ‐7.019)

Rwanda

Sierra Leone
South Africa

(10)
Social
OLS (95% CI)
(‐11.444 ‐ 13.083)
‐1.765
(‐12.524 ‐ 8.995)

3.137
(‐37.567 ‐ 43.841)
64.019
(‐126.586 ‐ 254.625)
‐2.631
(‐48.497 ‐ 43.235)
67.420
(‐90.118 ‐ 224.958)

Republic of Congo

Senegal

(9)
Industry
OLS (95% CI)

South Sudan
Sudan
Swaziland
Tanzania
Togo
Tunisia

‐24.030***
(‐37.263 ‐ ‐10.796)
‐16.785**

‐52.892
(‐243.653 ‐ 137.869)
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Table A.4: Full Table of Adjusted Associations of Political Preferencing and Amount of Chinese Aid
Received by a Region, Conditional on Receiving Any Aid (continued), 2000‐2011
VARIABLES

Uganda
Zambia
Zimbabwe
Constant

(7)
Energy
OLS (95% CI)
(‐30.158 ‐ ‐3.412)
‐24.780***
(‐38.035 ‐ ‐11.524)
‐6.469
(‐17.718 ‐ 4.780)
‐14.701*
(‐32.112 ‐ 2.710)
14.108**
(2.537 ‐ 25.678)
101

(8)
Government
OLS (95% CI)

(9)
Industry
OLS (95% CI)

(10)
Social
OLS (95% CI)

‐45.123
(‐237.832 ‐ 147.586)
‐48.949
(‐240.666 ‐ 142.768)
‐53.841
(‐244.803 ‐ 137.121)
25.283**
(0.302 ‐ 50.263)
100

29.840**
(5.954 ‐ 53.726)

‐4.724
(‐10.609 ‐ 1.160)
‐0.993
(‐9.373 ‐ 7.388)
‐1.201
(‐8.535 ‐ 6.133)
15.525***
(5.429 ‐ 25.620)
91

Observations
*** p<0.01, ** p<0.05, * p<0.1
Reference includes: Autocracy, 2000, and Algeria
Note: Communications and Multisector excluded due to insufficient sample size

42.733
(‐27.716 ‐ 113.181)
16.204
(‐20.409 ‐ 52.817)
44

Table A.5: Marginal Effects for the Probability of an African Region Receiving Chinese Aid by Purpose, Using a Probit model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
Health
Infectious
Basic water and
Large system water
Health care
Infrastructure
Disease
sanitation
supply
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Birth region
Capital region
Nighttime lights

‐0.203
(‐0.683 ‐ 0.277)
0.529*
(‐0.021 ‐ 1.078)
0.095
(‐0.023 ‐ 0.212)

‐0.089
(‐0.407 ‐ 0.229)
0.600***
(0.236 ‐ 0.964)
0.165***
(0.085 ‐ 0.245)

‐0.626
(‐1.576 ‐ 0.324)
7.926***
(3.113 ‐ 12.740)
‐0.902**
(‐1.651 ‐ ‐0.154)
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0.411*
(‐0.053 ‐ 0.874)
0.293
(‐0.290 ‐ 0.876)
0.018
(‐0.095 ‐ 0.130)

‐0.766*
(‐1.574 ‐ 0.041)
0.361
(‐0.450 ‐ 1.173)
0.025
(‐0.112 ‐ 0.161)

Table A.5: Marginal Effects for the Probability of an African Region Receiving Chinese Aid by Purpose, Using a Probit model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
Health
Infectious
Basic water and
Large system water
Health care
Infrastructure
Disease
sanitation
supply
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Population
0.000***
‐0.000
0.000***
0.000
0.000
(0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
(0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
Area
‐0.000
‐0.000
‐0.000
‐0.000
‐0.000
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
(‐0.000 ‐ 0.000)
Ports
‐0.246
0.029
0.996***
‐0.087
0.363
(‐0.741 ‐ 0.249)
(‐0.290 ‐ 0.348)
(0.319 ‐ 1.673)
(‐0.631 ‐ 0.457)
(‐0.357 ‐ 1.082)
Oil
‐0.075
‐0.059
0.355
‐0.019
0.148
(‐0.596 ‐ 0.446)
(‐0.386 ‐ 0.267)
(‐0.242 ‐ 0.953)
(‐0.401 ‐ 0.362)
(‐0.406 ‐ 0.701)
Mines
‐0.056
‐0.056
‐1.354***
‐0.029
‐0.288
(‐0.267 ‐ 0.155)
(‐0.189 ‐ 0.078)
(‐2.303 ‐ ‐0.405)
(‐0.229 ‐ 0.171)
(‐0.731 ‐ 0.154)
Road Density
0.016
‐0.559*
3.398*
‐0.509
1.812
(‐0.129 ‐ 0.161)
(‐1.126 ‐ 0.008)
(‐0.142 ‐ 6.938)
(‐1.964 ‐ 0.947)
(‐1.546 ‐ 5.170)
Polity
Anocracy
0.059
0.082
‐1.492
‐0.155
0.537
(‐1.227 ‐ 1.346)
(‐0.570 ‐ 0.734)
(‐3.467 ‐ 0.484)
(‐0.920 ‐ 0.610)
(‐0.228 ‐ 1.302)
Democracy
0.514
‐0.715**
‐5.341***
‐0.233
(‐0.430 ‐ 1.457)
(‐1.366 ‐ ‐0.063)
(‐8.766 ‐ ‐1.916)
(‐0.910 ‐ 0.444)
Year
2001
‐
‐
‐
2002

‐0.298
(‐0.891 ‐ 0.294)

0.252
(‐0.637 ‐ 1.141)

‐0.115
(‐1.372 ‐ 1.143)
‐

2003
2004

0.507
(‐0.331 ‐ 1.345)

‐0.787**
(‐1.498 ‐ ‐0.077)
‐
‐0.746**
(‐1.487 ‐ ‐0.005)

206

0.187
(‐0.145 ‐ 0.519)

Table A.5: Marginal Effects for the Probability of an African Region Receiving Chinese Aid by Purpose, Using a Probit model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
Health
Infectious
Basic water and
Large system water
Health care
Infrastructure
Disease
sanitation
supply
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
2005
‐0.525*
0.610
0.578***
0.041
(‐1.113 ‐ 0.063)
(‐0.209 ‐ 1.428)
(0.139 ‐ 1.017)
(‐0.758 ‐ 0.840)
2006
‐0.189
0.959**
0.402
‐0.202
‐0.338
(‐0.683 ‐ 0.305)
(0.185 ‐ 1.734)
(‐0.681 ‐ 1.485)
(‐0.728 ‐ 0.324)
(‐1.308 ‐ 0.631)
2007
‐0.142
0.399
0.172
‐0.505*
‐0.333
(‐0.668 ‐ 0.385)
(‐0.480 ‐ 1.279)
(‐0.945 ‐ 1.288)
(‐1.051 ‐ 0.040)
(‐1.247 ‐ 0.580)
2008
‐0.785*
1.071***
0.224
‐0.747**
(‐1.590 ‐ 0.020)
(0.306 ‐ 1.836)
(‐0.860 ‐ 1.307)
(‐1.492 ‐ ‐0.003)
2009
0.170
1.241***
1.024*
‐0.330
0.171
(‐0.283 ‐ 0.623)
(0.481 ‐ 2.000)
(‐0.011 ‐ 2.060)
(‐0.890 ‐ 0.230)
(‐0.547 ‐ 0.890)
2010
‐
2011

1.099***
(0.334 ‐ 1.864)

‐0.113
(‐0.620 ‐ 0.394)

‐0.002
(‐0.795 ‐ 0.791)

‐

‐

‐

Country
Angola

‐

Benin

‐

‐

‐

‐

‐

Botswana

‐

‐

‐

‐

‐

Burkina Faso

‐

‐

‐

‐

‐

‐

‐

Burundi
Cameroon

‐

‐
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Table A.5: Marginal Effects for the Probability of an African Region Receiving Chinese Aid by Purpose, Using a Probit model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
Health
Infectious
Basic water and
Large system water
Health care
Infrastructure
Disease
sanitation
supply
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Central African Republic

‐

‐

‐

‐

‐

Chad

‐

‐

‐

‐

‐

Côte d'Ivoire

‐

‐

‐

‐

Democratic Republic of
the Congo

‐

‐

‐

Djibouti

‐

‐

‐

‐

Egypt

‐

‐

‐

‐

‐

Equatorial Guinea

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐0.374
(‐1.379 ‐ 0.630)
‐

‐

Eritrea
Ethiopia

‐0.941***
(‐1.580 ‐ ‐0.302)

Gabon

‐

Gambia

‐

‐

‐

‐

‐

Ghana

‐0.083
(‐1.147 ‐ 0.980)

‐0.379
(‐1.203 ‐ 0.445)

‐1.017**
(‐1.844 ‐ ‐0.190)

‐0.285
(‐1.179 ‐ 0.610)

‐0.802*
(‐1.659 ‐ 0.054)
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Table A.5: Marginal Effects for the Probability of an African Region Receiving Chinese Aid by Purpose, Using a Probit model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
Health
Infectious
Basic water and
Large system water
Health care
Infrastructure
Disease
sanitation
supply
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Guinea
‐
‐
‐
Guinea‐Bissau

‐

Kenya
Lesotho

‐

‐0.767**
(‐1.496 ‐ ‐0.037)
‐

‐

‐

‐

0.256
(‐1.092 ‐ 1.605)

‐0.758
(‐1.727 ‐ 0.211)
‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

Liberia
Libya

‐

Madagascar

‐

Malawi
Mali

‐

‐

‐

‐

‐

Mauritania
Morocco

‐

Mozambique
Namibia

‐
‐

‐

‐

‐
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Table A.5: Marginal Effects for the Probability of an African Region Receiving Chinese Aid by Purpose, Using a Probit model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
Health
Infectious
Basic water and
Large system water
Health care
Infrastructure
Disease
sanitation
supply
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Niger
‐0.173
0.556
(‐1.582 ‐ 1.236)
(‐0.318 ‐ 1.431)
Nigeria
‐1.303***
0.411
(‐2.192 ‐ ‐0.415)
(‐0.280 ‐ 1.103)
Republic of Congo
‐0.246
‐0.522
‐0.187
(‐0.817 ‐ 0.324)
(‐1.297 ‐ 0.253)
(‐1.197 ‐ 0.824)
Rwanda
‐
‐
‐
Senegal

‐

Sierra Leone

‐

South Africa

‐

South Sudan

‐

Sudan

‐

Swaziland
Tanzania

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

‐

1.414***
(0.390 ‐ 2.438)

‐0.819**
(‐1.598 ‐ ‐0.041)

‐2.562***
(‐3.538 ‐ ‐1.586)

0.063
(‐0.699 ‐ 0.826)
‐

‐0.535
(‐1.175 ‐ 0.106)

‐

‐

‐

‐

‐

‐

Togo
Tunisia
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Table A.5: Marginal Effects for the Probability of an African Region Receiving Chinese Aid by Purpose, Using a Probit model, 2000‐2011
(1)
(2)
(3)
(4)
(5)
Health
Infectious
Basic water and
Large system water
Health care
Infrastructure
Disease
sanitation
supply
VARIABLES
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
dy/dx (95% CI)
Uganda
‐
‐
Zambia

1.386**
(0.328 ‐ 2.444)

0.770**
(0.177 ‐ 1.363)
‐

‐3.375***
(‐4.612 ‐ ‐2.138)
3,070

Zimbabwe
Constant

Observations

‐

0.004
(‐0.743 ‐ 0.751)
‐

‐

‐2.632***
(‐3.471 ‐ ‐1.792)

‐7.327***
(‐10.348 ‐ ‐4.307)

‐1.651***
(‐2.316 ‐ ‐0.986)

‐2.557***
(‐3.683 ‐ ‐1.431)

5,340

2,002

1,854

954

*** p<0.01, ** p<0.05, * p<0.1
Note: dy/dx is the difference in the predicted probability of aid when the independent variable increases by 1
Reference includes: Autocracy, 2000, and Algeria
Observation loss is due to perfect prediction; this is further discussed in the limitations
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SUPPLEMENTARY APPENDIX B, CHAPTER 3
ASSOCIATIONS BETWEEN HEALTH AID, MALARIA SERVICE READINESS, AND UTILIZATION OF
MALARIA HEALTH SERVICES: A STUDY AMONG CHILDREN UNDER 5 IN MALAWI
Spatial Linkage of Malaria Indicator Survey (MIS) household and Service Provision Assessment
(SPA) facility surveys
This analysis includes geographic data from both household surveys as well as health
facility surveys, which were linked within a geographic information system (GIS). For this analysis,
the MIS and SPA surveys were linked using Kernel Density Estimation (KDE), which creates a map
that depicts the estimated influence a health facility has over a geographic area. This link requires
definition of the kernel size, the density variable that determines the probability density
distribution across the kernel, and the grid size.220 In this analysis, the kernel size was set to reflect
patient preference for higher‐order facilities: 10km for hospitals, 5km for health centers, and
2.5km for dispensaries.221,222 The density variable is a facility level Malaria Readiness Index and a
quartic kernel function was used further described in Silverman.223 The grid cell size was set to
1km. The size of the grid cell was selected because it is a standard size that would allow for
density to be reported in a meaningful unit, of malaria readiness per square kilometer. The KDE
for each facility type (hospitals, health centers, and dispensaries) was created separately and
then the Map Algebra Raster calculator was used to sum the value within each grid cell. The
spatial coordinates (latitude and longitude) of the DHS interviews represents the centroid of a
group of households dispersed across a geographic region. Therefore, I generated an average
KDE value for each interview centroid by creating 5KM Euclidean buffers around each DHS
cluster. Next, I averaged the KDE estimates for the total 5km surface for each cluster.222,224 Figure
1 shows a partial image of this linkage. The red dots are the MIS survey centroids, the tan circles
are the 5km buffers, and the blue surface is the resulting KDE output.
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Figure B.1: Partial Image of Household and Facility Level Linkage using Kernel Density Estimation
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Table B.1: Logistic Regression Models to Investigate the Association Between Health Aid (Disbursements) and
Utilization (N=2,118)
(1)
(2)
(3)
(4)
Advice or
Heel/Finger Stick
Receiving ACT
Any Malaria
Treatment
Services
VARIABLES
Health Aid (disbursements)
Nighttime Lights
Population
Area (square km)

OR (95%)

OR (95%)

OR (95%)

OR (95%)

0.813
(0.615 ‐ 1.073)
0.993
(0.852 ‐ 1.159)
1.000**
(1.000 ‐ 1.000)
1.009**
(1.001 ‐ 1.017)

0.830
(0.545 ‐ 1.266)
1.035
(0.832 ‐ 1.287)
1.000**
(1.000 ‐ 1.000)
1.017***
(1.005 ‐ 1.028)

1.027
(0.740 ‐ 1.426)
1.090
(0.903 ‐ 1.317)
1.000
(1.000 ‐ 1.000)
1.008
(0.998 ‐ 1.019)

0.864
(0.659 ‐ 1.132)
0.979
(0.841 ‐ 1.138)
1.000**
(1.000 ‐ 1.000)
1.007*
(0.999 ‐ 1.015)

1.247
(0.883 ‐ 1.760)
1.521*
(0.972 ‐ 2.381)
0.832
(0.179 ‐ 3.864)
1.004
(0.985 ‐ 1.023)
0.892**
(0.817 ‐ 0.974)

1.543
(0.887 ‐ 2.686)
2.030**
(1.034 ‐ 3.987)
2.395
(0.476 ‐ 12.053)
0.996
(0.968 ‐ 1.025)
0.890*
(0.783 ‐ 1.012)

1.243
(0.825 ‐ 1.871)
1.512
(0.874 ‐ 2.617)
0.943
(0.116 ‐ 7.636)
1.004
(0.981 ‐ 1.028)
0.968
(0.871 ‐ 1.076)

1.285
(0.916 ‐ 1.801)
1.549*
(0.998 ‐ 2.403)
0.826
(0.178 ‐ 3.825)
0.996
(0.978 ‐ 1.015)
0.903**
(0.829 ‐ 0.984)

0.959
(0.908 ‐ 1.013)

0.923*
(0.847 ‐ 1.005)

0.953
(0.892 ‐ 1.017)

0.958
(0.909 ‐ 1.011)

1.298

1.059

0.959

1.279

Mothers Education
primary
secondary
higher
Age of mother
Age of Child
Distance from nearest health
facility
Wealth Index
poorer
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Table B.1: Logistic Regression Models to Investigate the Association Between Health Aid (Disbursements) and
Utilization (N=2,118)
(1)
(2)
(3)
(4)
Advice or
Heel/Finger Stick
Receiving ACT
Any Malaria
Treatment
Services
VARIABLES
middle
richer
richest

OR (95%)
(0.886 ‐ 1.901)
0.971
(0.651 ‐ 1.449)
1.125
(0.758 ‐ 1.671)
1.096
(0.689 ‐ 1.742)

OR (95%)
(0.610 ‐ 1.837)
0.699
(0.383 ‐ 1.277)
0.773
(0.433 ‐ 1.383)
0.795
(0.414 ‐ 1.528)

OR (95%)
(0.620 ‐ 1.484)
0.665*
(0.414 ‐ 1.068)
0.939
(0.600 ‐ 1.472)
0.695
(0.393 ‐ 1.229)

OR (95%)
(0.883 ‐ 1.852)
0.956
(0.649 ‐ 1.408)
1.123
(0.765 ‐ 1.649)
1.082
(0.688 ‐ 1.704)

0.990
(0.660 ‐ 1.485)
2.588***
(1.578 ‐ 4.245)
2.034
(0.014 ‐ 286.768)

0.686
(0.396 ‐ 1.189)
2.289**
(1.121 ‐ 4.675)
0.562
(0.000 ‐ 1,030.608)

1.443
(0.859 ‐ 2.424)
2.057**
(1.129 ‐ 3.748)
0.023
(0.000 ‐ 8.250)

1.128
(0.755 ‐ 1.685)
2.520***
(1.551 ‐ 4.094)
0.922
(0.007 ‐ 113.578)

Geographic Classification
rural
Malaria Ecology Index

Constant

Reference group includes no education, poorest, and urban geographic location
*** p<0.01, ** p<0.05, * p<0.1
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Table B.2: Results of Multinomial Logit Regression of Health Aid (Disbursements) on Average Readiness to Diver Malaria Services (N=2,118)
Malaria Diagnostic Readiness
Overall Malaria Service Readiness Index
Index
Malaria Training Readiness Index
(1)
(2)
(3)
(4)
(5)
(6)
Medium
High
Medium
High
Medium
High
VARIABLES
RR (95% CI)
RR (95% CI)
RR (95% CI)
RR (95% CI)
RR (95% CI)
RR (95% CI)
Health Aid
(Disbursements)

0.535***
0.571***
1.632***
1.990***
(0.428 ‐ 0.668)
(0.438 ‐ 0.745)
(1.306 ‐ 2.039) (1.526 ‐ 2.596)
Nighttime Lights
1.378***
1.740***
1.654***
2.631***
(1.158 ‐ 1.642)
(1.468 ‐ 2.062)
(1.260 ‐ 2.172) (2.025 ‐ 3.419)
Population
0.971***
0.943***
0.993
0.968***
(0.959 ‐ 0.983)
(0.932 ‐ 0.954)
(0.984 ‐ 1.002) (0.960 ‐ 0.976)
Area (square km)
1.000***
1.000**
1.000***
1.000**
(1.000 ‐ 1.000)
(1.000 ‐ 1.000)
(1.000 ‐ 1.000) (1.000 ‐ 1.000)
Constant
363,183.324***
547,683.994***
0.000***
0.000***
(6,810.741 ‐ 19366781.333)
(4,867.794 ‐ 61620881.668)
(0.000 ‐ 0.017) (0.000 ‐ 0.003)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness
*** p<0.01, ** p<0.05, * p<0.1
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0.732***
(0.586 ‐ 0.914)
9.153***
(5.454 ‐ 15.359)
0.977***
(0.965 ‐ 0.989)
1.000***
(1.000 ‐ 1.000)
1,453.582***
(28.108 ‐ 75,170.504)

0.930
(0.706 ‐ 1.224)
12.271***
(7.285 ‐ 20.670)
0.943***
(0.931 ‐ 0.954)
1.000***
(1.000 ‐ 1.000)
137.993**
(1.066 ‐ 17,865.472)

Table B.3: Logistic Regression Models to Investigate the Association Between Overall Malaria Service
Readiness, Health Aid (Disbursements), and Utilization (N=2,118)
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Any Malaria
Treatment
Heel/Finger Stick
Receiving ACT
Services
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
Overall Malaria Service
Readiness
Medium
High
Health Aid (project
count)
Nighttime Lights
Population
Area (square km)
Mothers Education
primary
secondary
higher
Age of mother

1.104
(0.774 ‐ 1.575)
0.796
(0.488 ‐ 1.300)

1.574
(0.907 ‐ 2.732)
1.028
(0.482 ‐ 2.193)

0.946
(0.625 ‐ 1.432)
0.556*
(0.307 ‐ 1.007)

1.080
(0.765 ‐ 1.525)
0.810
(0.504 ‐ 1.300)

0.811
(0.610 ‐ 1.078)
0.998
(0.855 ‐ 1.166)
1.000**
(1.000 ‐ 1.000)
1.009**
(1.001 ‐ 1.017)

0.865
(0.559 ‐ 1.337)
1.034
(0.829 ‐ 1.288)
1.000**
(1.000 ‐ 1.000)
1.017***
(1.005 ‐ 1.028)

1.000
(0.714 ‐ 1.401)
1.105
(0.913 ‐ 1.338)
1.000
(1.000 ‐ 1.000)
1.009
(0.998 ‐ 1.019)

0.863
(0.655 ‐ 1.137)
0.983
(0.845 ‐ 1.145)
1.000**
(1.000 ‐ 1.000)
1.007*
(0.999 ‐ 1.015)

1.245
(0.881 ‐ 1.759)
1.513*
(0.966 ‐ 2.371)
0.836
(0.179 ‐ 3.893)
1.004

1.555
(0.893 ‐ 2.709)
2.030**
(1.031 ‐ 3.998)
2.449
(0.485 ‐ 12.368)
0.996

1.232
(0.817 ‐ 1.858)
1.501
(0.865 ‐ 2.605)
0.933
(0.115 ‐ 7.598)
1.004

1.283
(0.914 ‐ 1.800)
1.542*
(0.992 ‐ 2.395)
0.828
(0.178 ‐ 3.848)
0.996
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Table B.3: Logistic Regression Models to Investigate the Association Between Overall Malaria Service
Readiness, Health Aid (Disbursements), and Utilization (N=2,118)
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Any Malaria
Treatment
Heel/Finger Stick
Receiving ACT
Services
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
(0.985 ‐ 1.023)
(0.968 ‐ 1.025)
(0.981 ‐ 1.028)
(0.978 ‐ 1.015)
Age of Child
0.895**
0.895*
0.973
0.906**
(0.820 ‐ 0.977)
(0.787 ‐ 1.019)
(0.875 ‐ 1.082)
(0.832 ‐ 0.987)
Distance from nearest
health facility

0.954
(0.891 ‐ 1.022)

0.946
(0.851 ‐ 1.051)

0.926*
(0.853 ‐ 1.005)

0.953
(0.892 ‐ 1.019)

1.310
(0.894 ‐ 1.920)
0.984
(0.659 ‐ 1.469)
1.139
(0.767 ‐ 1.693)
1.113
(0.699 ‐ 1.770)

1.073
(0.618 ‐ 1.864)
0.723
(0.395 ‐ 1.322)
0.784
(0.438 ‐ 1.403)
0.835
(0.435 ‐ 1.606)

0.972
(0.628 ‐ 1.505)
0.669*
(0.416 ‐ 1.074)
0.960
(0.613 ‐ 1.506)
0.698
(0.394 ‐ 1.236)

1.289
(0.890 ‐ 1.868)
0.967
(0.656 ‐ 1.425)
1.137
(0.774 ‐ 1.670)
1.095
(0.695 ‐ 1.726)

Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural

0.824
0.557*
1.040
0.960
(0.519 ‐ 1.306)
(0.296 ‐ 1.049)
(0.574 ‐ 1.883)
(0.610 ‐ 1.510)
Malaria Ecology Index
2.638***
2.379**
2.103**
2.560***
(1.602 ‐ 4.345)
(1.147 ‐ 4.933)
(1.147 ‐ 3.857)
(1.571 ‐ 4.172)
Constant
2.484
0.229
0.066
1.115
(0.014 ‐ 440.115)
(0.000 ‐ 633.341) (0.000 ‐ 31.013)
(0.007 ‐ 170.954)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training
readiness, no education, poorest, and urban geographic location
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Table B.3: Logistic Regression Models to Investigate the Association Between Overall Malaria Service
Readiness, Health Aid (Disbursements), and Utilization (N=2,118)
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Any Malaria
Treatment
Heel/Finger Stick
Receiving ACT
Services
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
*** p<0.01, ** p<0.05, * p<0.1

Table B.4: Logistic Regression Models to Investigate the Association Between Malaria Diagnostic Readiness, Health Aid
(Disbursements), and Utilization (N=2,118)
Overall Malaria Diagnosis Readiness
(1)
(2)
(3)
(4)
Advice or Treatment
Heel/Finger Stick
Receiving ACT
Any Malaria Services
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
Malaria Diagnosis Readiness
Medium
High
Health Aid (project count)
Nighttime Lights
Population
Area (square km)

1.194
(0.863 ‐ 1.652)
1.064
(0.711 ‐ 1.592)
0.802
(0.606 ‐ 1.062)
0.995
(0.842 ‐ 1.175)
1.000**
(1.000 ‐ 1.000)
1.009**

1.314
(0.815 ‐ 2.119)
0.814
(0.447 ‐ 1.483)
0.828
(0.541 ‐ 1.268)
1.101
(0.870 ‐ 1.393)
1.000**
(1.000 ‐ 1.000)
1.016***
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1.077
(0.730 ‐ 1.588)
0.909
(0.557 ‐ 1.484)
1.032
(0.741 ‐ 1.439)
1.118
(0.910 ‐ 1.373)
1.000
(1.000 ‐ 1.000)
1.008

1.145
(0.835 ‐ 1.571)
1.053
(0.711 ‐ 1.559)
0.855
(0.651 ‐ 1.123)
0.979
(0.831 ‐ 1.153)
1.000**
(1.000 ‐ 1.000)
1.007*

Table B.4: Logistic Regression Models to Investigate the Association Between Malaria Diagnostic Readiness, Health Aid
(Disbursements), and Utilization (N=2,118)
Overall Malaria Diagnosis Readiness
(1)
(2)
(3)
(4)
Advice or Treatment
Heel/Finger Stick
Receiving ACT
Any Malaria Services
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
(1.001 ‐ 1.017)
(1.004 ‐ 1.027)
(0.997 ‐ 1.019)
(0.999 ‐ 1.014)
Mothers Education
primary
1.228
1.502
1.237
1.269
(0.869 ‐ 1.736)
(0.860 ‐ 2.622)
(0.819 ‐ 1.868)
(0.904 ‐ 1.782)
secondary
1.505*
2.030**
1.519
1.534*
(0.960 ‐ 2.358)
(1.031 ‐ 3.999)
(0.876 ‐ 2.636)
(0.987 ‐ 2.384)
higher
0.821
2.444
0.951
0.817
(0.177 ‐ 3.817)
(0.486 ‐ 12.293)
(0.117 ‐ 7.708)
(0.176 ‐ 3.786)
Age of mother
1.004
0.997
1.005
0.997
(0.985 ‐ 1.024)
(0.969 ‐ 1.027)
(0.982 ‐ 1.028)
(0.978 ‐ 1.016)
Age of Child
0.891**
0.889*
0.968
0.903**
(0.816 ‐ 0.973)
(0.782 ‐ 1.012)
(0.871 ‐ 1.076)
(0.829 ‐ 0.983)
Distance from nearest health
facility

0.969
(0.909 ‐ 1.032)

0.923
(0.838 ‐ 1.017)

0.951
(0.882 ‐ 1.025)

0.966
(0.909 ‐ 1.027)

1.300
(0.887 ‐ 1.906)
0.970
(0.650 ‐ 1.447)
1.128
(0.759 ‐ 1.675)
1.104
(0.694 ‐ 1.756)

1.075
(0.619 ‐ 1.867)
0.714
(0.390 ‐ 1.306)
0.783
(0.438 ‐ 1.401)
0.820
(0.427 ‐ 1.577)

0.961
(0.621 ‐ 1.487)
0.667*
(0.415 ‐ 1.072)
0.942
(0.601 ‐ 1.475)
0.697
(0.394 ‐ 1.233)

1.280
(0.884 ‐ 1.855)
0.954
(0.647 ‐ 1.407)
1.125
(0.766 ‐ 1.652)
1.088
(0.691 ‐ 1.713)

Wealth Index
poorer
middle
richer
richest
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Table B.4: Logistic Regression Models to Investigate the Association Between Malaria Diagnostic Readiness, Health Aid
(Disbursements), and Utilization (N=2,118)
Overall Malaria Diagnosis Readiness
(1)
(2)
(3)
(4)
Advice or Treatment
Heel/Finger Stick
Receiving ACT
Any Malaria Services
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
Geographic Classification
rural
0.963
0.633
1.413
1.105
(0.639 ‐ 1.450)
(0.364 ‐ 1.101)
(0.839 ‐ 2.379)
(0.738 ‐ 1.657)
Malaria Ecology Index
2.556***
2.065*
1.967**
2.499***
(1.543 ‐ 4.233)
(0.999 ‐ 4.269)
(1.065 ‐ 3.633)
(1.524 ‐ 4.098)
Constant
2.349
0.696
0.024
1.029
(0.017 ‐ 332.064)
(0.000 ‐ 1,278.535)
(0.000 ‐ 8.538)
(0.008 ‐ 127.318)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness, no
education, poorest, and urban geographic location
*** p<0.01, ** p<0.05, * p<0.1

Table B.5: Logistic Regression Models to Investigate the Association Between Malaria Training Service Readiness, Health Aid
(Disbursements), and Utilization (N=2,118)
Malaria Training Readiness
(1)
(2)
(3)
(4)
Advice or Treatment
Heel/Finger Stick
Receiving ACT
Any Malaria Services
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
Malaria Training
Readiness
Medium

1.249
(0.871 ‐ 1.792)

1.421
(0.811 ‐ 2.489)
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1.140
(0.744 ‐ 1.746)

1.252
(0.882 ‐ 1.777)

Table B.5: Logistic Regression Models to Investigate the Association Between Malaria Training Service Readiness, Health Aid
(Disbursements), and Utilization (N=2,118)
Malaria Training Readiness
(1)
(2)
(3)
(4)
Advice or Treatment
Heel/Finger Stick
Receiving ACT
Any Malaria Services
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
High
0.834
1.174
0.732
0.835
(0.492 ‐ 1.412)
(0.536 ‐ 2.576)
(0.392 ‐ 1.367)
(0.501 ‐ 1.391)
Health Aid (project
count)
Nighttime Lights
Population
Area (square km)
Mothers Education
primary
secondary
higher
Age of mother
Age of Child

0.829
(0.626 ‐ 1.097)
1.017
(0.868 ‐ 1.193)
1.000*
(1.000 ‐ 1.000)
1.009**
(1.001 ‐ 1.017)

0.852
(0.557 ‐ 1.304)
1.030
(0.822 ‐ 1.291)
1.000**
(1.000 ‐ 1.000)
1.016***
(1.005 ‐ 1.028)

1.046
(0.751 ‐ 1.456)
1.125
(0.925 ‐ 1.367)
1.000
(1.000 ‐ 1.000)
1.008
(0.997 ‐ 1.019)

0.883
(0.673 ‐ 1.160)
1.002
(0.857 ‐ 1.172)
1.000**
(1.000 ‐ 1.000)
1.007
(0.999 ‐ 1.014)

1.234
(0.874 ‐ 1.744)
1.513*
(0.965 ‐ 2.371)
0.852
(0.183 ‐ 3.960)
1.004
(0.985 ‐ 1.023)
0.896**
(0.821 ‐ 0.978)

1.533
(0.880 ‐ 2.669)
2.012**
(1.024 ‐ 3.955)
2.414
(0.480 ‐ 12.149)
0.996
(0.968 ‐ 1.025)
0.893*
(0.785 ‐ 1.015)

1.231
(0.817 ‐ 1.855)
1.519
(0.877 ‐ 2.633)
0.968
(0.120 ‐ 7.839)
1.004
(0.981 ‐ 1.027)
0.973
(0.875 ‐ 1.082)

1.273
(0.907 ‐ 1.786)
1.541*
(0.992 ‐ 2.395)
0.845
(0.182 ‐ 3.921)
0.996
(0.977 ‐ 1.015)
0.907**
(0.833 ‐ 0.989)
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Table B.5: Logistic Regression Models to Investigate the Association Between Malaria Training Service Readiness, Health Aid
(Disbursements), and Utilization (N=2,118)
Malaria Training Readiness
(1)
(2)
(3)
(4)
Advice or Treatment
Heel/Finger Stick
Receiving ACT
Any Malaria Services
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
Distance from nearest
health facility

0.963
(0.899 ‐ 1.033)

0.947
(0.850 ‐ 1.055)

0.947
(0.872 ‐ 1.030)

0.963
(0.900 ‐ 1.031)

1.302
(0.888 ‐ 1.910)
0.974
(0.653 ‐ 1.454)
1.122
(0.755 ‐ 1.667)
1.109
(0.697 ‐ 1.766)

1.073
(0.618 ‐ 1.864)
0.703
(0.384 ‐ 1.284)
0.771
(0.431 ‐ 1.379)
0.818
(0.426 ‐ 1.572)

0.956
(0.617 ‐ 1.481)
0.661*
(0.412 ‐ 1.063)
0.940
(0.599 ‐ 1.473)
0.696
(0.393 ‐ 1.234)

1.284
(0.885 ‐ 1.862)
0.959
(0.650 ‐ 1.413)
1.121
(0.763 ‐ 1.647)
1.094
(0.694 ‐ 1.726)

0.814
(0.515 ‐ 1.287)
2.484***
(1.510 ‐ 4.088)
1.720
(0.011 ‐ 272.283)

0.639
(0.342 ‐ 1.194)
2.201**
(1.075 ‐ 4.507)
0.288
(0.000 ‐ 635.203)

1.161
(0.651 ‐ 2.069)
1.988**
(1.087 ‐ 3.637)
0.024
(0.000 ‐ 9.892)

0.930
(0.593 ‐ 1.459)
2.417***
(1.483 ‐ 3.940)
0.751
(0.005 ‐ 103.347)

Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural
Malaria Ecology Index
Constant

Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness, no education,
poorest, and urban geographic location
*** p<0.01, ** p<0.05, * p<0.1
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Table B.6: Logistic Regression Models to Investigate the Association Between Health Aid and Utilization (N=2,118)
(1)
(2)
(3)
(4)
Advice or
Heel/Finger Stick
Receiving ACT
Any Malaria
Treatment
Services
VARIABLES
Health Aid (project count)
Nighttime Lights
Population
Area (square km)

OR (95% CI)

OR (95% CI)

OR (95% CI)

OR (95% CI)

0.957
(0.895 ‐ 1.024)
0.989
(0.843 ‐ 1.160)
1.000**
(1.000 ‐ 1.000)
1.009**
(1.001 ‐ 1.017)

0.967
(0.875 ‐ 1.068)
1.029
(0.825 ‐ 1.284)
1.000**
(1.000 ‐ 1.000)
1.016***
(1.006 ‐ 1.027)

1.001
(0.929 ‐ 1.078)
1.092
(0.907 ‐ 1.315)
1.000
(1.000 ‐ 1.000)
1.008
(0.998 ‐ 1.019)

0.976
(0.914 ‐ 1.041)
0.974
(0.832 ‐ 1.141)
1.000**
(1.000 ‐ 1.000)
1.007*
(0.999 ‐ 1.015)

1.255
(0.869 ‐ 1.813)
1.531*
(0.949 ‐ 2.469)
0.834
(0.176 ‐ 3.953)
1.004
(0.984 ‐ 1.024)
0.892***
(0.823 ‐ 0.967)
0.957
(0.903 ‐ 1.013)

1.555
(0.873 ‐ 2.769)
2.043*
(0.966 ‐ 4.325)
2.406
(0.442 ‐ 13.103)
0.996
(0.968 ‐ 1.025)
0.890*
(0.790 ‐ 1.003)
0.921*
(0.835 ‐ 1.015)

1.239
(0.807 ‐ 1.904)
1.509
(0.841 ‐ 2.709)
0.941
(0.113 ‐ 7.814)
1.004
(0.981 ‐ 1.028)
0.968
(0.882 ‐ 1.062)
0.953
(0.889 ‐ 1.021)

1.294
(0.903 ‐ 1.853)
1.558*
(0.976 ‐ 2.489)
0.829
(0.175 ‐ 3.925)
0.996
(0.977 ‐ 1.016)
0.904**
(0.835 ‐ 0.977)
0.957
(0.905 ‐ 1.011)

1.304
(0.876 ‐ 1.941)

1.062
(0.605 ‐ 1.866)

0.961
(0.607 ‐ 1.521)

1.280
(0.865 ‐ 1.892)

Mothers Education
primary
secondary
higher
Age of mother
Age of Child
Distance from nearest health facility
Wealth Index
poorer
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Table B.6: Logistic Regression Models to Investigate the Association Between Health Aid and Utilization (N=2,118)
(1)
(2)
(3)
(4)
Advice or
Heel/Finger Stick
Receiving ACT
Any Malaria
Treatment
Services
VARIABLES
middle
richer
richest

OR (95% CI)

OR (95% CI)

OR (95% CI)

OR (95% CI)

0.982
(0.646 ‐ 1.491)
1.135
(0.751 ‐ 1.715)
1.095
(0.664 ‐ 1.805)

0.704
(0.373 ‐ 1.330)
0.778
(0.425 ‐ 1.425)
0.795
(0.395 ‐ 1.601)

0.666
(0.401 ‐ 1.104)
0.939
(0.586 ‐ 1.505)
0.695
(0.368 ‐ 1.313)

0.961
(0.638 ‐ 1.447)
1.129
(0.750 ‐ 1.700)
1.081
(0.662 ‐ 1.766)

1.002
(0.657 ‐ 1.527)
2.589***
(1.550 ‐ 4.324)
0.062***
(0.023 ‐ 0.168)

0.694
(0.387 ‐ 1.244)
2.273**
(1.195 ‐ 4.323)
0.024***
(0.005 ‐ 0.105)

1.442
(0.837 ‐ 2.485)
2.074**
(1.121 ‐ 3.837)
0.037***
(0.011 ‐ 0.127)

1.136
(0.745 ‐ 1.732)
2.496***
(1.486 ‐ 4.191)
0.077***
(0.029 ‐ 0.205)

Geographic Classification
rural
Malaria Ecology Index
Constant

Robust CI in parentheses (Household level)
Reference group includes no education, poorest, and urban geographic location
*** p<0.01, ** p<0.05, * p<0.1
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Table B.7: Results of Multinomial Logit Regression of Health Aid on Average Readiness to Deliver Malaria Services
(N=2,118)
Overall Malaria Service Readiness
Malaria Diagnostic Readiness
Malaria Training Readiness Index
Index
Index
(1)
(2)
(3)
(4)
(5)
(6)
Medium
High
Medium
High
Medium
High
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
OR (95% CI)
VARIABLES
Health Aid (Project Count)
Nighttime Lights
Area (square km)
Population
Constant

0.794***
(0.740 ‐ 0.851)
1.417***
(1.100 ‐ 1.824)
0.972***
(0.958 ‐ 0.986)
1.000***
(1.000 ‐ 1.000)
12.027***
(3.766 ‐ 38.409)

0.954
(0.892 ‐ 1.021)
1.748***
(1.377 ‐ 2.217)
0.944***
(0.932 ‐ 0.956)
1.000*
(1.000 ‐ 1.000)
33.339***
(11.638 ‐ 95.510)

1.118***
(1.052 ‐ 1.188)
1.574*
(0.965 ‐ 2.567)
0.992
(0.980 ‐ 1.005)
1.000***
(1.000 ‐ 1.000)
1.262
(0.440 ‐ 3.619)

1.230***
(1.154 ‐ 1.311)
2.515***
(1.553 ‐ 4.074)
0.968***
(0.957 ‐ 0.979)
1.000***
(1.000 ‐ 1.000)
2.576*
(0.928 ‐ 7.154)

0.925**
(0.868 ‐ 0.986)
9.878***
(5.176 ‐ 18.852)
0.977***
(0.963 ‐ 0.991)
1.000***
(1.000 ‐ 1.000)
8.074***
(2.457 ‐ 26.534)

Robust CI in parentheses (Household level)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness
*** p<0.01, ** p<0.05, * p<0.1

Table B.8: Logistic Regression Models to Investigate the Association Between Overall Malaria Service
Readiness, Health Aid, and Utilization (N=2,118)
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES

OR(95% CI)

OR(95% CI)

OR(95% CI)

Overall Malaria Service
Readiness
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OR(95% CI)

1.016
(0.950 ‐ 1.086)
13.275***
(6.937 ‐ 25.404)
0.943***
(0.931 ‐ 0.955)
1.000***
(1.000 ‐ 1.000)
36.801***
(12.626 ‐ 107.262)

Table B.8: Logistic Regression Models to Investigate the Association Between Overall Malaria Service
Readiness, Health Aid, and Utilization (N=2,118)
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
Medium
High
Health Aid

(project count)

Nighttime Lights
Population
Area (square km)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

1.100
(0.759 ‐ 1.593)
0.816
(0.504 ‐ 1.322)
0.963
(0.899 ‐ 1.033)
0.992
(0.843 ‐ 1.166)
1.000**
(1.000 ‐ 1.000)
1.009**
(1.001 ‐ 1.017)

1.598
(0.913 ‐ 2.800)
1.060
(0.513 ‐ 2.190)
0.988
(0.890 ‐ 1.097)
1.026
(0.820 ‐ 1.284)
1.000*
(1.000 ‐ 1.000)
1.017***
(1.006 ‐ 1.027)

0.952
(0.620 ‐ 1.463)
0.559**
(0.318 ‐ 0.980)
1.004
(0.929 ‐ 1.085)
1.104
(0.916 ‐ 1.332)
1.000
(1.000 ‐ 1.000)
1.009
(0.998 ‐ 1.020)

1.089
(0.756 ‐ 1.568)
0.830
(0.511 ‐ 1.348)
0.982
(0.918 ‐ 1.050)
0.977
(0.832 ‐ 1.147)
1.000**
(1.000 ‐ 1.000)
1.007*
(0.999 ‐ 1.015)

1.257
(0.870 ‐ 1.817)
1.527*
(0.946 ‐ 2.465)
0.840
(0.177 ‐ 3.999)
1.004
(0.984 ‐ 1.024)
0.895***
(0.825 ‐ 0.971)

1.573
(0.878 ‐ 2.818)
2.045*
(0.961 ‐ 4.352)
2.471
(0.449 ‐ 13.588)
0.996
(0.968 ‐ 1.025)
0.896*
(0.794 ‐ 1.011)

1.234
(0.803 ‐ 1.898)
1.503
(0.834 ‐ 2.711)
0.935
(0.113 ‐ 7.722)
1.004
(0.980 ‐ 1.028)
0.973
(0.886 ‐ 1.068)

1.296
(0.904 ‐ 1.857)
1.555*
(0.973 ‐ 2.485)
0.835
(0.176 ‐ 3.965)
0.996
(0.977 ‐ 1.016)
0.906**
(0.838 ‐ 0.981)

Mothers Education
primary
secondary
higher
Age of mother
Age of Child
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Table B.8: Logistic Regression Models to Investigate the Association Between Overall Malaria Service
Readiness, Health Aid, and Utilization (N=2,118)
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
Distance from nearest health
facility

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

0.953
(0.888 ‐ 1.023)

0.947
(0.841 ‐ 1.066)

0.926*
(0.850 ‐ 1.010)

0.953
(0.889 ‐ 1.022)

1.311
(0.880 ‐ 1.953)
0.990
(0.652 ‐ 1.505)
1.147
(0.758 ‐ 1.735)
1.110
(0.673 ‐ 1.829)

1.070
(0.609 ‐ 1.879)
0.724
(0.382 ‐ 1.372)
0.786
(0.428 ‐ 1.445)
0.835
(0.414 ‐ 1.682)

0.970
(0.614 ‐ 1.532)
0.667
(0.402 ‐ 1.108)
0.960
(0.600 ‐ 1.537)
0.698
(0.369 ‐ 1.320)

1.286
(0.870 ‐ 1.902)
0.969
(0.643 ‐ 1.460)
1.141
(0.758 ‐ 1.719)
1.094
(0.669 ‐ 1.787)

0.848
(0.528 ‐ 1.361)
2.606***
(1.555 ‐ 4.367)
0.070***
(0.022 ‐ 0.224)

0.568*
(0.308 ‐ 1.045)
2.319**
(1.186 ‐ 4.533)
0.018***
(0.003 ‐ 0.117)

1.038
(0.563 ‐ 1.915)
2.091**
(1.125 ‐ 3.884)
0.064***
(0.016 ‐ 0.267)

0.976
(0.607 ‐ 1.571)
2.507***
(1.488 ‐ 4.224)
0.087***
(0.028 ‐ 0.274)

Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural
Malaria Ecology Index

Constant

Robust CI in parentheses (Household level)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training
readiness, no education, poorest, and urban geographic location
*** p<0.01, ** p<0.05, * p<0.1
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Table B.9: Logistic Regression Models to Investigate the Association Between Malaria Diagnostic Readiness,
Health Aid, and Utilization (N=2,118)
Malaria Diagnostic Readiness
(5)
(6)
(7)
(8)
Advice or
Heel/ Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
Malaria Diagnosis Readiness
Medium
High
Health Aid

(project count)

Nighttime Lights
Population
Area (square km)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

1.182
(0.835 ‐ 1.671)
1.066
(0.691 ‐ 1.646)
0.956
(0.894 ‐ 1.024)
0.989
(0.828 ‐ 1.180)
1.000**
(1.000 ‐ 1.000)
1.008**
(1.001 ‐ 1.016)

1.299
(0.797 ‐ 2.117)
0.809
(0.436 ‐ 1.500)
0.972
(0.880 ‐ 1.074)
1.094
(0.853 ‐ 1.403)
1.000*
(1.000 ‐ 1.000)
1.016***
(1.005 ‐ 1.026)

1.080
(0.717 ‐ 1.626)
0.912
(0.534 ‐ 1.555)
1.003
(0.931 ‐ 1.081)
1.119
(0.904 ‐ 1.385)
1.000
(1.000 ‐ 1.000)
1.008
(0.997 ‐ 1.019)

1.134
(0.806 ‐ 1.595)
1.048
(0.685 ‐ 1.604)
0.975
(0.913 ‐ 1.041)
0.974
(0.817 ‐ 1.161)
1.000**
(1.000 ‐ 1.000)
1.007
(0.999 ‐ 1.014)

1.238
(0.856 ‐ 1.792)
1.515*
(0.937 ‐ 2.449)
0.823
(0.174 ‐ 3.902)
1.004
(0.984 ‐ 1.025)
0.891***

1.518
(0.849 ‐ 2.715)
2.047*
(0.960 ‐ 4.366)
2.462
(0.456 ‐ 13.288)
0.997
(0.969 ‐ 1.027)
0.890*

1.234
(0.799 ‐ 1.905)
1.516
(0.840 ‐ 2.735)
0.949
(0.115 ‐ 7.827)
1.005
(0.981 ‐ 1.029)
0.968

1.280
(0.891 ‐ 1.838)
1.545*
(0.965 ‐ 2.475)
0.821
(0.173 ‐ 3.889)
0.997
(0.977 ‐ 1.017)
0.903**

Mothers Education
primary
secondary
higher
Age of mother
Age of Child
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Table B.9: Logistic Regression Models to Investigate the Association Between Malaria Diagnostic Readiness,
Health Aid, and Utilization (N=2,118)
Malaria Diagnostic Readiness
(5)
(6)
(7)
(8)
Advice or
Heel/ Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
Distance from nearest health
facility

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

(0.822 ‐ 0.967)

(0.789 ‐ 1.003)

(0.882 ‐ 1.062)

(0.835 ‐ 0.977)

0.966
(0.902 ‐ 1.035)

0.920
(0.822 ‐ 1.030)

0.951
(0.877 ‐ 1.032)

0.964
(0.902 ‐ 1.030)

1.306
(0.877 ‐ 1.944)
0.980
(0.643 ‐ 1.491)
1.138
(0.753 ‐ 1.719)
1.102
(0.668 ‐ 1.817)

1.076
(0.614 ‐ 1.886)
0.718
(0.381 ‐ 1.354)
0.788
(0.432 ‐ 1.439)
0.819
(0.409 ‐ 1.641)

0.962
(0.608 ‐ 1.521)
0.667
(0.402 ‐ 1.108)
0.941
(0.587 ‐ 1.507)
0.697
(0.369 ‐ 1.318)

1.281
(0.866 ‐ 1.894)
0.959
(0.636 ‐ 1.447)
1.131
(0.752 ‐ 1.703)
1.086
(0.665 ‐ 1.775)

0.977
(0.635 ‐ 1.503)
2.553***
(1.501 ‐ 4.345)
0.057***
(0.019 ‐ 0.167)

0.641
(0.353 ‐ 1.165)
2.030**
(1.048 ‐ 3.932)
0.028***
(0.006 ‐ 0.138)

1.411
(0.814 ‐ 2.445)
1.979**
(1.056 ‐ 3.708)
0.041***
(0.011 ‐ 0.159)

1.115
(0.726 ‐ 1.714)
2.470***
(1.447 ‐ 4.216)
0.073***
(0.025 ‐ 0.209)

Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural
Malaria Ecology Index

Constant

Robust CI in parentheses (Household level)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness, no
education, poorest, and urban geographic location
*** p<0.01, ** p<0.05, * p<0.1
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Table B.10: Logistic Regression Models to Investigate the Association Between Malaria Training Readiness,
Health Aid, and Utilization (N=2,118)
Malaria Training Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
Malaria Training Readiness
Medium
High
Health Aid

(project count)

Nighttime Lights
Population
Area (square km)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

1.259
(0.866 ‐ 1.830)
0.852
(0.500 ‐ 1.451)
0.964
(0.901 ‐ 1.031)
1.010
(0.857 ‐ 1.192)
1.000**
(1.000 ‐ 1.000)
1.009**
(1.000 ‐ 1.017)

1.433
(0.802 ‐ 2.560)
1.197
(0.543 ‐ 2.641)
0.972
(0.880 ‐ 1.075)
1.023
(0.815 ‐ 1.286)
1.000**
(1.000 ‐ 1.000)
1.016***
(1.006 ‐ 1.027)

1.137
(0.730 ‐ 1.769)
0.728
(0.390 ‐ 1.359)
1.007
(0.935 ‐ 1.085)
1.126
(0.929 ‐ 1.365)
1.000
(1.000 ‐ 1.000)
1.008
(0.997 ‐ 1.019)

1.263
(0.875 ‐ 1.823)
0.846
(0.502 ‐ 1.427)
0.983
(0.921 ‐ 1.049)
0.996
(0.846 ‐ 1.173)
1.000*
(1.000 ‐ 1.000)
1.006
(0.998 ‐ 1.014)

1.243
(0.860 ‐ 1.797)
1.522*
(0.941 ‐ 2.462)
0.854
(0.181 ‐ 4.037)

1.544
(0.867 ‐ 2.749)
2.023*
(0.955 ‐ 4.288)
2.422
(0.444 ‐ 13.204)

1.229
(0.800 ‐ 1.886)
1.516
(0.843 ‐ 2.727)
0.968
(0.119 ‐ 7.854)

1.282
(0.894 ‐ 1.838)
1.551*
(0.968 ‐ 2.483)
0.850
(0.180 ‐ 4.010)

Mothers Education
primary
secondary
higher
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Table B.10: Logistic Regression Models to Investigate the Association Between Malaria Training Readiness,
Health Aid, and Utilization (N=2,118)
Malaria Training Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
Age of mother
Age of Child
Distance from nearest health
facility

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

1.004
(0.984 ‐ 1.024)
0.896***
(0.826 ‐ 0.972)

0.996
(0.968 ‐ 1.025)
0.893*
(0.792 ‐ 1.006)

1.004
(0.980 ‐ 1.028)
0.973
(0.886 ‐ 1.068)

0.996
(0.977 ‐ 1.016)
0.908**
(0.839 ‐ 0.982)

0.963
(0.894 ‐ 1.036)

0.947
(0.834 ‐ 1.075)

0.947
(0.864 ‐ 1.039)

0.963
(0.896 ‐ 1.035)

1.307
(0.878 ‐ 1.945)
0.982
(0.646 ‐ 1.492)
1.130
(0.748 ‐ 1.707)
1.109
(0.669 ‐ 1.836)

1.076
(0.607 ‐ 1.907)
0.707
(0.373 ‐ 1.340)
0.775
(0.423 ‐ 1.419)
0.818
(0.402 ‐ 1.665)

0.955
(0.602 ‐ 1.516)
0.661
(0.397 ‐ 1.098)
0.938
(0.587 ‐ 1.499)
0.697
(0.366 ‐ 1.327)

1.283
(0.868 ‐ 1.898)
0.961
(0.637 ‐ 1.449)
1.125
(0.748 ‐ 1.692)
1.094
(0.667 ‐ 1.794)

0.831
(0.517 ‐ 1.334)
2.477***
(1.487 ‐ 4.126)
0.071***
(0.022 ‐ 0.229)

0.650
(0.341 ‐ 1.238)
2.187**
(1.142 ‐ 4.190)
0.019***
(0.003 ‐ 0.116)

1.157
(0.634 ‐ 2.111)
1.995**
(1.079 ‐ 3.689)
0.052***
(0.012 ‐ 0.220)

0.940
(0.586 ‐ 1.506)
2.384***
(1.426 ‐ 3.986)
0.089***
(0.028 ‐ 0.284)

Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural
Malaria Ecology Index

Constant
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Table B.10: Logistic Regression Models to Investigate the Association Between Malaria Training Readiness,
Health Aid, and Utilization (N=2,118)
Malaria Training Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
OR(95% CI)

VARIABLES

OR(95% CI)

OR(95% CI)

OR(95% CI)

Robust CI in parentheses (Household level)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness,
no education, poorest, and urban geographic location
*** p<0.01, ** p<0.05, * p<0.1

Table B.11: Logistic Regression Models to Investigate the Association Between Early and Late Health Aid and
Utilization (N=2,118)
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving ACT
Any Malaria
Treatment
Stick
Services
VARIABLES
Early aid (2005‐2010)
Late aid (2011‐2012)
Nighttime Lights
Population
Area (square km)

OR (95% CI)

OR (95% CI)

OR (95% CI)

OR (95% CI)

1.127
(0.971 ‐ 1.309)
0.821***
(0.714 ‐ 0.944)
0.892
(0.744 ‐ 1.068)
1.000***
(1.000 ‐ 1.000)
1.009**
(1.001 ‐ 1.017)

1.127
(0.909 ‐ 1.398)
0.839*
(0.681 ‐ 1.033)
0.929
(0.724 ‐ 1.191)
1.000***
(1.000 ‐ 1.000)
1.017***
(1.006 ‐ 1.027)

1.233**
(1.029 ‐ 1.477)
0.817**
(0.694 ‐ 0.962)
0.953
(0.768 ‐ 1.183)
1.000*
(1.000 ‐ 1.000)
1.009
(0.998 ‐ 1.019)

1.175**
(1.017 ‐ 1.357)
0.817***
(0.713 ‐ 0.936)
0.866
(0.725 ‐ 1.034)
1.000***
(1.000 ‐ 1.000)
1.007*
(0.999 ‐ 1.015)

1.201

1.499

1.169

1.228

Mothers Education
primary
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Table B.11: Logistic Regression Models to Investigate the Association Between Early and Late Health Aid and
Utilization (N=2,118)
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving ACT
Any Malaria
Treatment
Stick
Services
VARIABLES
secondary
higher
Age of mother
Age of Child
Distance from nearest health
facility

OR (95% CI)

OR (95% CI)

OR (95% CI)

OR (95% CI)

(0.830 ‐ 1.736)
1.460
(0.908 ‐ 2.348)
0.799
(0.167 ‐ 3.825)
1.004
(0.984 ‐ 1.024)
0.889***
(0.820 ‐ 0.964)

(0.840 ‐ 2.676)
1.968*
(0.935 ‐ 4.144)
2.322
(0.424 ‐ 12.729)
0.997
(0.968 ‐ 1.025)
0.888*
(0.788 ‐ 1.001)

(0.761 ‐ 1.796)
1.414
(0.790 ‐ 2.532)
0.886
(0.105 ‐ 7.480)
1.005
(0.981 ‐ 1.029)
0.963
(0.878 ‐ 1.058)

(0.857 ‐ 1.761)
1.473
(0.925 ‐ 2.347)
0.789
(0.165 ‐ 3.774)
0.997
(0.977 ‐ 1.017)
0.900***
(0.832 ‐ 0.973)

0.945*
(0.891 ‐ 1.002)

0.910*
(0.823 ‐ 1.006)

0.938*
(0.873 ‐ 1.007)

0.944**
(0.891 ‐ 0.999)

1.285
(0.863 ‐ 1.913)
0.964
(0.635 ‐ 1.464)
1.114
(0.735 ‐ 1.691)
1.070
(0.646 ‐ 1.772)

1.042
(0.594 ‐ 1.829)
0.689
(0.366 ‐ 1.299)
0.762
(0.414 ‐ 1.404)
0.773
(0.381 ‐ 1.565)

0.944
(0.596 ‐ 1.496)
0.649*
(0.390 ‐ 1.081)
0.920
(0.572 ‐ 1.480)
0.676
(0.354 ‐ 1.291)

1.261
(0.853 ‐ 1.864)
0.941
(0.625 ‐ 1.418)
1.108
(0.734 ‐ 1.674)
1.055
(0.643 ‐ 1.732)

1.090
(0.706 ‐ 1.684)
3.155***

0.743
(0.406 ‐ 1.358)
2.661***

1.594*
(0.916 ‐ 2.772)
2.656***

1.253
(0.810 ‐ 1.936)
3.162***

Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural
Malaria Ecology Index
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Table B.11: Logistic Regression Models to Investigate the Association Between Early and Late Health Aid and
Utilization (N=2,118)
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving ACT
Any Malaria
Treatment
Stick
Services
OR (95% CI)

OR (95% CI)

OR (95% CI)

OR (95% CI)

(1.843 ‐ 5.401)
0.057***
(0.021 ‐ 0.157)

(1.354 ‐ 5.230)
0.023***
(0.005 ‐ 0.101)

(1.405 ‐ 5.021)
0.034***
(0.010 ‐ 0.119)

(1.837 ‐ 5.442)
0.070***
(0.026 ‐ 0.188)

VARIABLES
Constant

Robust CI in parentheses (Household level)
Reference group includes no education, poorest, and urban geographic location
*** p<0.01, ** p<0.05, * p<0.1

Table B.12: Results Of Multinomial Logit Regression of Early and Late Health Aid on Average Readiness to Deliver Malaria Services
(N=2,118)
Overall Malaria Service Readiness
Malaria Diagnostic Readiness
Malaria Training Readiness Index
Index
Index

VARIABLES
Early aid (2005‐2010)
Late aid (2011‐2012)
Nighttime Lights
Area (square km)
Population

(1)
Medium
OR (95% CI)

(2)
High
OR (95% CI)

(3)
Medium
OR (95% CI)

(4)
High
OR (95% CI)

(5)
Medium
OR (95% CI)

(6)
High
OR (95% CI)

0.527***
(0.433 ‐ 0.640)
1.080
(0.949 ‐ 1.229)
1.716***
(1.309 ‐ 2.249)
0.971***
(0.958 ‐ 0.985)
1.000***

0.908
(0.787 ‐ 1.049)
0.995
(0.862 ‐ 1.148)
1.804***
(1.399 ‐ 2.325)
0.944***
(0.932 ‐ 0.955)
1.000

1.014
(0.881 ‐ 1.167)
1.217***
(1.062 ‐ 1.393)
1.652**
(1.006 ‐ 2.712)
0.992
(0.980 ‐ 1.005)
1.000***

1.299***
(1.135 ‐ 1.487)
1.155**
(1.018 ‐ 1.311)
2.452***
(1.499 ‐ 4.008)
0.968***
(0.957 ‐ 0.979)
1.000***

0.731***
(0.634 ‐ 0.843)
1.135**
(1.003 ‐ 1.283)
12.469***
(6.436 ‐ 24.157)
0.976***
(0.962 ‐ 0.990)
1.000***

0.892
(0.765 ‐ 1.041)
1.131
(0.962 ‐ 1.330)
15.952***
(8.182 ‐ 31.100)
0.942***
(0.930 ‐ 0.954)
1.000***
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Table B.12: Results Of Multinomial Logit Regression of Early and Late Health Aid on Average Readiness to Deliver Malaria Services
(N=2,118)
Overall Malaria Service Readiness
Malaria Diagnostic Readiness
Malaria Training Readiness Index
Index
Index

VARIABLES
Constant

(1)
Medium
OR (95% CI)

(2)
High
OR (95% CI)

(3)
Medium
OR (95% CI)

(4)
High
OR (95% CI)

(5)
Medium
OR (95% CI)

(6)
High
OR (95% CI)

(1.000 ‐ 1.000)
8.261***
(2.619 ‐ 26.059)

(1.000 ‐ 1.000)
33.280***
(11.412 ‐ 97.054)

(1.000 ‐ 1.000)
1.137
(0.391 ‐ 3.312)

(1.000 ‐ 1.000)
2.807**
(1.002 ‐ 7.861)

(1.000 ‐ 1.000)
6.755***
(2.043 ‐ 22.332)

(1.000 ‐ 1.000)
35.431***
(11.969 ‐ 104.880)

Robust CI in parentheses (Household level)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness
*** p<0.01, ** p<0.05, * p<0.1

Table B.13: Logistic Regression Models to Investigate the Association Between Overall Malaria Service Readiness,
Early and Late Health Aid, and Utilization (N=2,118)
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
Overall Malaria Service Readiness
Medium
High
Early aid (2005‐2010)
Late aid (2011‐2012)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

1.140
(0.791 ‐ 1.643)
0.823
(0.511 ‐ 1.326)
1.144*
(0.985 ‐ 1.328)
0.823***

1.655*
(0.950 ‐ 2.883)
1.069
(0.523 ‐ 2.186)
1.175
(0.943 ‐ 1.463)
0.843

1.003
(0.656 ‐ 1.531)
0.575*
(0.330 ‐ 1.001)
1.240**
(1.037 ‐ 1.482)
0.821**

1.135
(0.793 ‐ 1.623)
0.838
(0.520 ‐ 1.351)
1.191**
(1.031 ‐ 1.376)
0.819***
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Table B.13: Logistic Regression Models to Investigate the Association Between Overall Malaria Service Readiness,
Early and Late Health Aid, and Utilization (N=2,118)
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
Nighttime Lights
Population
Area (square km)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

(0.716 ‐ 0.946)
0.889
(0.740 ‐ 1.067)
1.000***
(1.000 ‐ 1.000)
1.009**
(1.001 ‐ 1.017)

(0.682 ‐ 1.042)
0.912
(0.708 ‐ 1.175)
1.000**
(1.000 ‐ 1.000)
1.017***
(1.006 ‐ 1.028)

(0.700 ‐ 0.964)
0.957
(0.768 ‐ 1.191)
1.000
(1.000 ‐ 1.000)
1.009
(0.998 ‐ 1.020)

(0.715 ‐ 0.938)
0.863
(0.721 ‐ 1.034)
1.000***
(1.000 ‐ 1.000)
1.007*
(0.999 ‐ 1.015)

1.202
(0.831 ‐ 1.739)
1.452
(0.902 ‐ 2.337)
0.804
(0.167 ‐ 3.876)
1.004
(0.984 ‐ 1.024)
0.892***
(0.823 ‐ 0.968)

1.515
(0.844 ‐ 2.720)
1.962*
(0.927 ‐ 4.156)
2.377
(0.428 ‐ 13.197)
0.996
(0.968 ‐ 1.025)
0.894*
(0.791 ‐ 1.009)

1.165
(0.757 ‐ 1.791)
1.403
(0.779 ‐ 2.525)
0.879
(0.104 ‐ 7.403)
1.005
(0.981 ‐ 1.029)
0.969
(0.882 ‐ 1.064)

1.230
(0.858 ‐ 1.764)
1.466
(0.920 ‐ 2.337)
0.793
(0.165 ‐ 3.821)
0.997
(0.977 ‐ 1.016)
0.903**
(0.834 ‐ 0.977)

0.944
(0.879 ‐ 1.013)

0.937
(0.832 ‐ 1.055)

0.916**
(0.841 ‐ 0.998)

0.943*
(0.879 ‐ 1.011)

1.292

1.046

0.955

1.268

Mothers Education
primary
secondary
higher
Age of mother
Age of Child

Distance from nearest health facility
Wealth Index
poorer
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Table B.13: Logistic Regression Models to Investigate the Association Between Overall Malaria Service Readiness,
Early and Late Health Aid, and Utilization (N=2,118)
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
middle
richer
richest

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

(0.867 ‐ 1.925)
0.974
(0.642 ‐ 1.479)
1.127
(0.742 ‐ 1.711)
1.087
(0.657 ‐ 1.799)

(0.596 ‐ 1.836)
0.706
(0.373 ‐ 1.336)
0.770
(0.417 ‐ 1.423)
0.813
(0.401 ‐ 1.648)

(0.604 ‐ 1.510)
0.653
(0.392 ‐ 1.087)
0.942
(0.586 ‐ 1.514)
0.682
(0.357 ‐ 1.304)

(0.857 ‐ 1.875)
0.951
(0.631 ‐ 1.433)
1.121
(0.742 ‐ 1.695)
1.071
(0.652 ‐ 1.758)

0.912
(0.562 ‐ 1.480)
3.213***
(1.867 ‐ 5.530)

0.604
(0.321 ‐ 1.137)
2.766***
(1.370 ‐ 5.584)

1.130
(0.604 ‐ 2.112)
2.720***
(1.422 ‐ 5.204)

1.062
(0.652 ‐ 1.729)
3.213***
(1.857 ‐ 5.557)

0.063***
(0.020 ‐ 0.203)

0.017***
(0.003 ‐ 0.107)

0.056***
(0.013 ‐ 0.235)

0.077***
(0.024 ‐ 0.242)

Geographic Classification
rural
Malaria Ecology Index

Constant

Robust CI in parentheses (Household level)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness, no
education, poorest, and urban geographic location
*** p<0.01, ** p<0.05, * p<0.1
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Table B.14: Logistic Regression Models to Investigate the Association Between Malaria Diagnostic Readiness, Early and
Late Health Aid, and Utilization (N=2,118)
Malaria Diagnostic Readiness
(5)
(6)
(7)
(8)
Advice or
Heel/ Finger
Receiving ACT
Any Malaria
Treatment
Stick
Services
OR(95%
CI)
OR(95%
CI)
OR(95%
CI)
OR(95%
CI)
VARIABLES
Malaria Diagnosis Readiness
Medium
High
Early aid (2005‐2010)
Late aid (2011‐2012)
Nighttime Lights
Population
Area (square km)

1.211
(0.858 ‐ 1.709)
1.068
(0.695 ‐ 1.641)
1.131
(0.975 ‐ 1.312)
0.817***
(0.710 ‐ 0.940)
0.890
(0.733 ‐ 1.081)
1.000***
(1.000 ‐ 1.000)
1.009**
(1.001 ‐ 1.017)

1.364
(0.841 ‐ 2.210)
0.826
(0.449 ‐ 1.520)
1.154
(0.936 ‐ 1.424)
0.829*
(0.675 ‐ 1.017)
0.973
(0.739 ‐ 1.280)
1.000**
(1.000 ‐ 1.000)
1.016***
(1.006 ‐ 1.027)

1.110
(0.742 ‐ 1.661)
0.920
(0.545 ‐ 1.553)
1.239**
(1.035 ‐ 1.483)
0.817**
(0.695 ‐ 0.962)
0.974
(0.769 ‐ 1.233)
1.000
(1.000 ‐ 1.000)
1.008
(0.998 ‐ 1.019)

1.163
(0.830 ‐ 1.630)
1.048
(0.689 ‐ 1.595)
1.178**
(1.020 ‐ 1.361)
0.814***
(0.710 ‐ 0.932)
0.866
(0.716 ‐ 1.047)
1.000***
(1.000 ‐ 1.000)
1.007*
(0.999 ‐ 1.015)

1.183
(0.817 ‐ 1.712)
1.445
(0.898 ‐ 2.327)
0.790
(0.165 ‐ 3.772)
1.005
(0.985 ‐ 1.025)

1.451
(0.810 ‐ 2.597)
1.961*
(0.926 ‐ 4.154)
2.366
(0.436 ‐ 12.825)
0.998
(0.969 ‐ 1.027)

1.161
(0.754 ‐ 1.788)
1.418
(0.790 ‐ 2.547)
0.894
(0.107 ‐ 7.464)
1.005
(0.982 ‐ 1.029)

1.213
(0.845 ‐ 1.742)
1.461
(0.916 ‐ 2.331)
0.782
(0.164 ‐ 3.736)
0.997
(0.978 ‐ 1.017)

Mothers Education
primary
secondary
higher
Age of mother
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Table B.14: Logistic Regression Models to Investigate the Association Between Malaria Diagnostic Readiness, Early and
Late Health Aid, and Utilization (N=2,118)
Malaria Diagnostic Readiness
(5)
(6)
(7)
(8)
Advice or
Heel/ Finger
Receiving ACT
Any Malaria
Treatment
Stick
Services
OR(95%
CI)
OR(95%
CI)
OR(95%
CI)
OR(95%
CI)
VARIABLES
Age of Child
0.888***
0.888*
0.964
0.899***
(0.819 ‐ 0.963)
(0.787 ‐ 1.002)
(0.878 ‐ 1.058)
(0.831 ‐ 0.973)
Distance from nearest health facility

0.955
(0.891 ‐ 1.024)

0.911
(0.813 ‐ 1.022)

0.937
(0.863 ‐ 1.018)

0.951
(0.889 ‐ 1.018)

1.285
(0.863 ‐ 1.913)
0.961
(0.631 ‐ 1.462)
1.115
(0.735 ‐ 1.692)
1.076
(0.650 ‐ 1.783)

1.053
(0.602 ‐ 1.843)
0.700
(0.372 ‐ 1.317)
0.767
(0.417 ‐ 1.411)
0.793
(0.393 ‐ 1.599)

0.944
(0.597 ‐ 1.495)
0.650*
(0.390 ‐ 1.084)
0.920
(0.572 ‐ 1.480)
0.678
(0.354 ‐ 1.296)

1.261
(0.853 ‐ 1.864)
0.939
(0.622 ‐ 1.416)
1.109
(0.734 ‐ 1.675)
1.060
(0.646 ‐ 1.741)

1.058
(0.680 ‐ 1.647)
3.131***
(1.799 ‐ 5.449)
1.211
0.052***
(0.017 ‐ 0.156)

0.680
(0.368 ‐ 1.258)
2.458**
(1.217 ‐ 4.962)
1.364
0.025***
(0.005 ‐ 0.127)

1.549
(0.883 ‐ 2.715)
2.556***
(1.336 ‐ 4.889)
1.110
0.037***
(0.009 ‐ 0.147)

1.223
(0.786 ‐ 1.905)
3.140***
(1.800 ‐ 5.478)
1.163
0.066***
(0.022 ‐ 0.192)

Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural
Malaria Ecology Index

Constant
Robust CI in parentheses (Household level)
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Table B.14: Logistic Regression Models to Investigate the Association Between Malaria Diagnostic Readiness, Early and
Late Health Aid, and Utilization (N=2,118)
Malaria Diagnostic Readiness
(5)
(6)
(7)
(8)
Advice or
Heel/ Finger
Receiving ACT
Any Malaria
Treatment
Stick
Services
OR(95%
CI)
OR(95%
CI)
OR(95%
CI)
OR(95%
CI)
VARIABLES
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness, no
education, poorest, and urban geographic location
*** p<0.01, ** p<0.05, * p<0.1

Table B.15: Logistic Regression Models to Investigate the Association Between Malaria Training Readiness, Early
and Health Aid, and Utilization (N=2,118)
Malaria Training Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

1.251
(0.864 ‐ 1.813)
0.850
(0.497 ‐ 1.452)
1.133
(0.975 ‐ 1.317)
0.828***
(0.718 ‐ 0.954)
0.912
(0.757 ‐ 1.099)

1.423
(0.802 ‐ 2.526)
1.188
(0.540 ‐ 2.616)
1.134
(0.912 ‐ 1.409)
0.843
(0.680 ‐ 1.045)
0.925
(0.715 ‐ 1.196)

1.129
(0.729 ‐ 1.747)
0.734
(0.392 ‐ 1.374)
1.236**
(1.031 ‐ 1.482)
0.825**
(0.699 ‐ 0.973)
0.984
(0.787 ‐ 1.230)

1.254
(0.873 ‐ 1.803)
0.846
(0.501 ‐ 1.430)
1.182**
(1.022 ‐ 1.367)
0.824***
(0.718 ‐ 0.945)
0.887
(0.739 ‐ 1.064)

Malaria Training Readiness
Medium
High
Early aid (2005‐2010)
Late aid (2011‐2012)
Nighttime Lights
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Table B.15: Logistic Regression Models to Investigate the Association Between Malaria Training Readiness, Early
and Health Aid, and Utilization (N=2,118)
Malaria Training Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
Population
Area (square km)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

1.000***
(1.000 ‐ 1.000)
1.009**
(1.001 ‐ 1.017)

1.000**
(1.000 ‐ 1.000)
1.016***
(1.006 ‐ 1.027)

1.000
(1.000 ‐ 1.000)
1.008
(0.997 ‐ 1.019)

1.000***
(1.000 ‐ 1.000)
1.007*
(0.999 ‐ 1.015)

1.191
(0.823 ‐ 1.723)
1.454
(0.902 ‐ 2.343)
0.820
(0.172 ‐ 3.907)
1.004
(0.984 ‐ 1.024)
0.893***
(0.824 ‐ 0.969)

1.490
(0.835 ‐ 2.660)
1.951*
(0.925 ‐ 4.115)
2.339
(0.427 ‐ 12.826)
0.997
(0.969 ‐ 1.025)
0.891*
(0.790 ‐ 1.005)

1.161
(0.757 ‐ 1.781)
1.422
(0.793 ‐ 2.550)
0.915
(0.111 ‐ 7.516)
1.004
(0.981 ‐ 1.028)
0.968
(0.882 ‐ 1.063)

1.219
(0.850 ‐ 1.749)
1.468
(0.919 ‐ 2.344)
0.810
(0.170 ‐ 3.856)
0.996
(0.977 ‐ 1.016)
0.904**
(0.835 ‐ 0.978)

0.951
(0.883 ‐ 1.024)

0.935
(0.823 ‐ 1.062)

0.933
(0.851 ‐ 1.022)

0.950
(0.883 ‐ 1.022)

1.289
(0.866 ‐ 1.919)
0.964
(0.635 ‐ 1.465)
1.112

1.055
(0.596 ‐ 1.868)
0.690
(0.365 ‐ 1.306)
0.760

0.941
(0.592 ‐ 1.494)
0.645*
(0.387 ‐ 1.076)
0.922

1.266
(0.856 ‐ 1.872)
0.942
(0.624 ‐ 1.420)
1.107

Mothers Education
primary
secondary
higher
Age of mother
Age of Child

Distance from nearest health facility
Wealth Index
poorer
middle
richer
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Table B.15: Logistic Regression Models to Investigate the Association Between Malaria Training Readiness, Early
and Health Aid, and Utilization (N=2,118)
Malaria Training Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
VARIABLES
richest

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

(0.734 ‐ 1.687)
1.086
(0.653 ‐ 1.806)

(0.412 ‐ 1.401)
0.796
(0.389 ‐ 1.630)

(0.575 ‐ 1.480)
0.680
(0.353 ‐ 1.310)

(0.734 ‐ 1.671)
1.070
(0.649 ‐ 1.764)

0.901
(0.552 ‐ 1.470)
2.991***
(1.751 ‐ 5.111)

0.695
(0.353 ‐ 1.369)
2.534***
(1.278 ‐ 5.023)

1.275
(0.685 ‐ 2.372)
2.524***
(1.330 ‐ 4.789)

1.033
(0.633 ‐ 1.685)
2.990***
(1.743 ‐ 5.130)

0.065***
(0.020 ‐ 0.213)

0.018***
(0.003 ‐ 0.110)

0.047***
(0.011 ‐ 0.200)

0.081***
(0.026 ‐ 0.258)

Geographic Classification
rural
Malaria Ecology Index

Constant

Robust CI in parentheses (Household level)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness, no
education, poorest, and urban geographic location
*** p<0.01, ** p<0.05, * p<0.1
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Figure B.2: Bandwidth Selection for Kernel Function for Hospitals
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Figure B.3: Bandwidth Selection for Kernel Function for Health Centers
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Figure B.4: Bandwidth Selection for Kernel Function for Dispensaries
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Table B.16: Results Of Multinomial Logit Regression Using Estimated Bandwidth in
KDE
Overall Malaria Service
Malaria Diagnostic
Malaria Training Readiness
Readiness
Readiness
Index
OR(95% CI)
OR(95% CI)
OR(95% CI)
Health Aid (Project
Count)
0.815***
0.845***
0.832***
(0.759 ‐ 0.876)
(0.791 ‐ 0.903)
(0.774 ‐ 0.894)
Nighttime Lights
1.213***
1.210***
1.221***
(1.088 ‐ 1.353)
(1.085 ‐ 1.350)
(1.093 ‐ 1.364)
Area (square km)
1.005
1.005
1.004
(0.998 ‐ 1.013)
(0.997 ‐ 1.012)
(0.996 ‐ 1.012)
Population
1.000
1.000
1.000
(1.000 ‐ 1.000)
(1.000 ‐ 1.000)
(1.000 ‐ 1.000)
Constant
0.383***
0.342***
0.331***
(0.189 ‐ 0.778)
(0.168 ‐ 0.699)
(0.160 ‐ 0.682)
Robust CI in parentheses (Household level)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training
readiness; only two categories of readiness were created for this sensitivity analysis
*** p<0.01, ** p<0.05, * p<0.1
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Table B.17: Logistic Regression Models to Investigate the Association Between Overall Malaria Service Readiness,
Health Aid, and Utilization Using Estimated Bandwidth in KDE
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services

High Malaria Servie Readiness
Health Aid

(project count)

Nighttime Lights
Population
Area (square km)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

0.904
(0.638 ‐ 1.281)
0.955
(0.892 ‐ 1.022)
0.991
(0.846 ‐ 1.161)
1.000**
(1.000 ‐ 1.000)
1.009**
(1.001 ‐ 1.018)

0.826
(0.506 ‐ 1.351)
0.961
(0.869 ‐ 1.063)
1.035
(0.832 ‐ 1.289)
1.000**
(1.000 ‐ 1.000)
1.018***
(1.006 ‐ 1.030)

0.983
(0.647 ‐ 1.493)
1.000
(0.928 ‐ 1.078)
1.092
(0.907 ‐ 1.315)
1.000
(1.000 ‐ 1.000)
1.008
(0.997 ‐ 1.020)

0.907
(0.645 ‐ 1.276)
0.973
(0.911 ‐ 1.039)
0.976
(0.834 ‐ 1.143)
1.000**
(1.000 ‐ 1.000)
1.007*
(0.999 ‐ 1.016)

1.256
(0.869 ‐ 1.815)
1.532*
(0.950 ‐ 2.471)
0.839
(0.178 ‐ 3.954)
1.004
(0.984 ‐ 1.024)
0.892***
(0.823 ‐ 0.968)
0.952

1.557
(0.874 ‐ 2.772)
2.048*
(0.968 ‐ 4.331)
2.445
(0.453 ‐ 13.187)
0.996
(0.968 ‐ 1.025)
0.890*
(0.790 ‐ 1.003)
0.913*

1.240
(0.807 ‐ 1.904)
1.509
(0.841 ‐ 2.710)
0.941
(0.113 ‐ 7.809)
1.004
(0.981 ‐ 1.028)
0.968
(0.882 ‐ 1.062)
0.952

1.295
(0.904 ‐ 1.855)
1.559*
(0.977 ‐ 2.490)
0.834
(0.177 ‐ 3.925)
0.996
(0.977 ‐ 1.016)
0.904**
(0.836 ‐ 0.978)
0.952*

Mothers Education
primary
secondary
higher
Age of mother
Age of Child
Distance from nearest health facility
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Table B.17: Logistic Regression Models to Investigate the Association Between Overall Malaria Service Readiness,
Health Aid, and Utilization Using Estimated Bandwidth in KDE
Overall Malaria Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

(0.897 ‐ 1.010)

(0.825 ‐ 1.010)

(0.886 ‐ 1.023)

(0.899 ‐ 1.009)

1.309
(0.879 ‐ 1.950)
0.986
(0.649 ‐ 1.498)
1.143
(0.755 ‐ 1.731)
1.101
(0.667 ‐ 1.818)

1.072
(0.609 ‐ 1.884)
0.712
(0.377 ‐ 1.344)
0.792
(0.431 ‐ 1.456)
0.810
(0.399 ‐ 1.644)

0.961
(0.607 ‐ 1.523)
0.666
(0.402 ‐ 1.105)
0.940
(0.587 ‐ 1.507)
0.696
(0.368 ‐ 1.315)

1.284
(0.868 ‐ 1.900)
0.965
(0.641 ‐ 1.454)
1.137
(0.754 ‐ 1.714)
1.087
(0.665 ‐ 1.777)

0.972
(0.630 ‐ 1.500)
2.569***
(1.542 ‐ 4.279)
0.064***
(0.024 ‐ 0.174)

0.652
(0.363 ‐ 1.171)
2.213**
(1.170 ‐ 4.186)
0.026***
(0.006 ‐ 0.110)

1.435
(0.821 ‐ 2.509)
2.072**
(1.122 ‐ 3.825)
0.037***
(0.011 ‐ 0.126)

1.104
(0.715 ‐ 1.703)
2.479***
(1.480 ‐ 4.151)
0.080***
(0.030 ‐ 0.213)

Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural
Malaria Ecology Index

Constant

Robust CI in parentheses (Household level)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness, no
education, poorest, and urban geographic location; only two categories of readiness were created for this sensitivity analysis
*** p<0.01, ** p<0.05, * p<0.1

249

Table B.18: Logistic Regression Models to Investigate the Association between Malaria Diagnostic Readiness, Health
Aid, and Utilization Using Estimated Bandwidth in KDE
Malaria Diagnostic Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services

High Malaria Diagnosis Readiness
Health Aid

(project count)

Nighttime Lights
Population
Area (square km)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

0.886
(0.622 ‐ 1.261)
0.955
(0.893 ‐ 1.022)
0.991
(0.846 ‐ 1.161)
1.000**
(1.000 ‐ 1.000)
1.009**
(1.001 ‐ 1.018)

0.744
(0.448 ‐ 1.233)
0.961
(0.870 ‐ 1.061)
1.039
(0.834 ‐ 1.293)
1.000**
(1.000 ‐ 1.000)
1.019***
(1.007 ‐ 1.031)

0.997
(0.653 ‐ 1.521)
1.001
(0.929 ‐ 1.078)
1.092
(0.907 ‐ 1.315)
1.000
(1.000 ‐ 1.000)
1.008
(0.997 ‐ 1.020)

0.892
(0.631 ‐ 1.260)
0.973
(0.912 ‐ 1.039)
0.976
(0.834 ‐ 1.143)
1.000**
(1.000 ‐ 1.000)
1.007*
(0.999 ‐ 1.016)

1.256
(0.869 ‐ 1.815)
1.532*
(0.950 ‐ 2.471)
0.840
(0.178 ‐ 3.953)
1.004
(0.984 ‐ 1.024)
0.892***
(0.823 ‐ 0.968)
0.952

1.557
(0.874 ‐ 2.772)
2.050*
(0.970 ‐ 4.336)
2.467
(0.461 ‐ 13.214)
0.996
(0.968 ‐ 1.025)
0.890*
(0.790 ‐ 1.003)
0.910*

1.239
(0.807 ‐ 1.904)
1.509
(0.841 ‐ 2.709)
0.941
(0.113 ‐ 7.815)
1.004
(0.981 ‐ 1.028)
0.968
(0.882 ‐ 1.062)
0.953

1.295
(0.903 ‐ 1.855)
1.559*
(0.977 ‐ 2.490)
0.834
(0.177 ‐ 3.924)
0.996
(0.977 ‐ 1.016)
0.904**
(0.836 ‐ 0.978)
0.952*

Mothers Education
primary
secondary
higher
Age of mother
Age of Child
Distance from nearest health facility
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Table B.18: Logistic Regression Models to Investigate the Association between Malaria Diagnostic Readiness, Health
Aid, and Utilization Using Estimated Bandwidth in KDE
Malaria Diagnostic Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

(0.897 ‐ 1.010)

(0.824 ‐ 1.006)

(0.887 ‐ 1.023)

(0.899 ‐ 1.008)

1.310
(0.880 ‐ 1.951)
0.989
(0.651 ‐ 1.502)
1.144
(0.756 ‐ 1.732)
1.104
(0.668 ‐ 1.824)

1.078
(0.613 ‐ 1.893)
0.718
(0.380 ‐ 1.356)
0.800
(0.436 ‐ 1.467)
0.822
(0.404 ‐ 1.670)

0.961
(0.607 ‐ 1.522)
0.666
(0.402 ‐ 1.104)
0.939
(0.586 ‐ 1.505)
0.695
(0.368 ‐ 1.315)

1.286
(0.869 ‐ 1.901)
0.967
(0.642 ‐ 1.456)
1.138
(0.755 ‐ 1.715)
1.090
(0.666 ‐ 1.782)

0.963
(0.623 ‐ 1.490)
2.557***
(1.534 ‐ 4.262)
0.064***
(0.024 ‐ 0.175)

0.625
(0.348 ‐ 1.123)
2.164**
(1.140 ‐ 4.109)
0.026***
(0.006 ‐ 0.113)

1.441
(0.822 ‐ 2.525)
2.073**
(1.122 ‐ 3.829)
0.037***
(0.011 ‐ 0.125)

1.096
(0.708 ‐ 1.695)
2.469***
(1.474 ‐ 4.136)
0.080***
(0.030 ‐ 0.214)

Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural
Malaria Ecology Index

Constant

Robust CI in parentheses (Household level)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness, no
education, poorest, and urban geographic location; only two categories of readiness were created for this sensitivity analysis
*** p<0.01, ** p<0.05, * p<0.1
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Table B.19: Logistic Regression Models to Investigate the Association Between Malaria Training Readiness, Health
Aid, and Utilization Using Estimated Bandwidth In KDE
Malaria Training Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services

High Malaria Service Readiness
Health Aid

(project count)

Nighttime Lights
Population
Area (square km)

OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

0.859
(0.600 ‐ 1.230)
0.954
(0.892 ‐ 1.021)
0.992
(0.846 ‐ 1.163)
1.000**
(1.000 ‐ 1.000)
1.010**
(1.001 ‐ 1.018)

0.683
(0.405 ‐ 1.154)
0.959
(0.868 ‐ 1.060)
1.043
(0.837 ‐ 1.300)
1.000**
(1.000 ‐ 1.000)
1.019***
(1.008 ‐ 1.031)

0.965
(0.627 ‐ 1.487)
1.000
(0.928 ‐ 1.078)
1.093
(0.908 ‐ 1.316)
1.000
(1.000 ‐ 1.000)
1.009
(0.998 ‐ 1.020)

0.869
(0.612 ‐ 1.234)
0.973
(0.911 ‐ 1.038)
0.977
(0.835 ‐ 1.144)
1.000**
(1.000 ‐ 1.000)
1.007*
(0.999 ‐ 1.016)

1.259
(0.871 ‐ 1.820)
1.533*
(0.950 ‐ 2.474)
0.844
(0.179 ‐ 3.969)
1.004
(0.984 ‐ 1.024)
0.892***
(0.823 ‐ 0.968)
0.951*

1.565
(0.879 ‐ 2.786)
2.053*
(0.970 ‐ 4.345)
2.505
(0.469 ‐ 13.384)
0.996
(0.968 ‐ 1.025)
0.890*
(0.789 ‐ 1.003)
0.909*

1.240
(0.807 ‐ 1.906)
1.510
(0.841 ‐ 2.710)
0.942
(0.113 ‐ 7.817)
1.004
(0.981 ‐ 1.028)
0.968
(0.882 ‐ 1.062)
0.951

1.297
(0.905 ‐ 1.860)
1.560*
(0.977 ‐ 2.492)
0.838
(0.178 ‐ 3.938)
0.996
(0.977 ‐ 1.016)
0.904**
(0.835 ‐ 0.978)
0.951*

Mothers Education
primary
secondary
higher
Age of mother
Age of Child
Distance from nearest health facility
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Table B.19: Logistic Regression Models to Investigate the Association Between Malaria Training Readiness, Health
Aid, and Utilization Using Estimated Bandwidth In KDE
Malaria Training Service Readiness
(1)
(2)
(3)
(4)
Advice or
Heel/Finger
Receiving
Any Malaria
Treatment
Stick
ACT
Services
OR(95% CI)

OR(95% CI)

OR(95% CI)

OR(95% CI)

(0.896 ‐ 1.009)

(0.823 ‐ 1.005)

(0.886 ‐ 1.021)

(0.899 ‐ 1.007)

1.311
(0.881 ‐ 1.953)
0.989
(0.651 ‐ 1.502)
1.147
(0.757 ‐ 1.736)
1.103
(0.668 ‐ 1.821)

1.081
(0.615 ‐ 1.899)
0.720
(0.381 ‐ 1.360)
0.806
(0.439 ‐ 1.479)
0.821
(0.404 ‐ 1.669)

0.962
(0.608 ‐ 1.524)
0.667
(0.402 ‐ 1.106)
0.941
(0.587 ‐ 1.508)
0.696
(0.368 ‐ 1.316)

1.287
(0.870 ‐ 1.903)
0.967
(0.642 ‐ 1.457)
1.140
(0.757 ‐ 1.718)
1.088
(0.665 ‐ 1.779)

0.955
(0.616 ‐ 1.479)
2.539***
(1.524 ‐ 4.232)
0.065***
(0.024 ‐ 0.177)

0.608
(0.336 ‐ 1.101)
2.121**
(1.114 ‐ 4.038)
0.027***
(0.006 ‐ 0.116)

1.426
(0.811 ‐ 2.508)
2.065**
(1.118 ‐ 3.814)
0.038***
(0.011 ‐ 0.128)

1.088
(0.703 ‐ 1.684)
2.454***
(1.465 ‐ 4.110)
0.081***
(0.031 ‐ 0.216)

Wealth Index
poorer
middle
richer
richest
Geographic Classification
rural
Malaria Ecology Index

Constant

Robust CI in parentheses (Household level)
Reference group includes low malaria service readiness, low malaria diagnostic readiness, low malaria training readiness, no
education, poorest, and urban geographic location; only two categories of readiness were created for this sensitivity analysis
*** p<0.01, ** p<0.05, * p<0.1
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SUPPLEMENTARY APPENDIX C, CHAPTER 4
ALL‐CAUSE CHILD MORTALITY REDUCTIONS ASSOCIATED WITH MALARIA BED NET CAMPAIGNS
IN THE DEMOCRATIC REPUBLIC OF THE CONGO

Figure C.1: Malaria Ecology Index and Interview Locations by Urban/Rural Classification
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Figure C.2: Sample Determination

2007 and 2013/14 DHS
Birth Recode File
merged to DHS GPS file
of interview locations
(n=88,824)

Excluded survey locations with no
latitude/longitude (n=51) and
clusters outside of district
boundaries (n=2). A total of 5,677
kids excluded (6.3%), resulting in a
data set of 83,147 birth records

Child level panel following kids
up to 60 months created
(n=3,894,609)

Children were excluded if consecutive
year was greater than the interview
date (n=635,488), they were born
before 2000 (n=1,058,808), or if
consecutive year was 2014
(n=40,713)

Children were excluded if they
were missing observations in one
or more covariates (n=17,221
observations; 0.79%).

Final analysis set includes child
month panel 2000‐2013
(N=2,142,379)
255

Table C.1: Adjusted Associations Between LLITN Campaign and Under 5 All‐Cause Child
Mortality (Full Table)
(1)
(2)
(3)
Combined
Rural
Urban
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
Treatment (LLITN Campaign)
Contemporaneous Malaria
Ecology Index (MEI)
Treatment (LLITN Campaign) *
Contemporaneous Malaria
Ecology Index (MEI)
Child Gender (Female)

0.705**
(0.515 ‐ 0.964)

0.721*
(0.506 ‐ 1.026)

0.675
(0.341 ‐ 1.334)

0.985
(0.930 ‐ 1.044)

0.991
(0.928 ‐ 1.059)

0.952
(0.843 ‐ 1.075)

1.177**
(1.005 ‐ 1.379)
0.952
(0.896 ‐ 1.012)

1.201**
(1.006 ‐ 1.434)
0.964
(0.901 ‐ 1.031)

1.101
(0.772 ‐ 1.569)
0.899
(0.779 ‐ 1.038)

0.423***
(0.390 ‐ 0.459)
0.377***
(0.343 ‐ 0.413)
0.276***
(0.246 ‐ 0.310)
0.177***
(0.151 ‐ 0.207)

0.436***
(0.398 ‐ 0.477)
0.397***
(0.359 ‐ 0.440)
0.289***
(0.255 ‐ 0.328)
0.178***
(0.150 ‐ 0.212)

0.371***
(0.306 ‐ 0.450)
0.290***
(0.230 ‐ 0.366)
0.221***
(0.165 ‐ 0.294)
0.168***
(0.118 ‐ 0.239)

1.145
(0.844 ‐ 1.554)
0.985

1.069
(0.759 ‐ 1.507)
0.906

1.791*
(0.908 ‐ 3.532)
1.176

Child Age (Months)
12‐23
24‐35
36‐47
48‐59
Main Material of House Floor
dung
wood planks
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Table C.1: Adjusted Associations Between LLITN Campaign and Under 5 All‐Cause Child
Mortality (Full Table)
(1)
(2)
(3)
Combined
Rural
Urban
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
(0.673 ‐ 1.442)
(0.594 ‐ 1.382)
(0.478 ‐ 2.891)
palm/bamboo
1.178
1.165
1.679
(0.682 ‐ 2.034)
(0.660 ‐ 2.058)
(0.232 ‐ 12.171)
parquet or polished wood
0.662***
0.968
0.604***
(0.537 ‐ 0.816)
(0.675 ‐ 1.386)
(0.461 ‐ 0.792)
cement tiles
0.803
1.688
0.688
(0.455 ‐ 1.417)
(0.419 ‐ 6.802)
(0.365 ‐ 1.296)
cement
0.781***
0.859
0.728***
(0.670 ‐ 0.909)
(0.673 ‐ 1.097)
(0.591 ‐ 0.897)
carpet
1.612
1.352
1.456
(0.718 ‐ 3.622)
(0.189 ‐ 9.675)
(0.595 ‐ 3.563)
Mother's Educational Attainment
incomplete primary
0.972
0.956
1.260
(0.900 ‐ 1.049)
(0.883 ‐ 1.036)
(0.916 ‐ 1.734)
complete primary
0.816***
0.805***
1.007
(0.726 ‐ 0.918)
(0.709 ‐ 0.915)
(0.698 ‐ 1.452)
incomplete secondary
0.726***
0.708***
0.907
(0.658 ‐ 0.799)
(0.635 ‐ 0.791)
(0.663 ‐ 1.240)
complete secondary
0.510***
0.540***
0.612**
(0.417 ‐ 0.624)
(0.406 ‐ 0.718)
(0.414 ‐ 0.903)
higher
0.239***
0.143*
0.328***
(0.127 ‐ 0.450)
(0.020 ‐ 1.015)
(0.158 ‐ 0.680)
Rural Area
Health Aid

1.046
(0.949 ‐ 1.152)
1.056

1.065
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Table C.1: Adjusted Associations Between LLITN Campaign and Under 5 All‐Cause Child
Mortality (Full Table)
(1)
(2)
(3)
Combined
Rural
Urban
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
(0.917 ‐ 1.216)
(0.911 ‐ 1.244)
(0.683 ‐ 1.331)
Year
2001
1.035
1.064
0.946
(0.842 ‐ 1.272)
(0.843 ‐ 1.344)
(0.608 ‐ 1.470)
2002
0.967
0.984
0.935
(0.790 ‐ 1.184)
(0.782 ‐ 1.237)
(0.607 ‐ 1.441)
2003
0.885
0.969
0.586**
(0.725 ‐ 1.080)
(0.775 ‐ 1.213)
(0.374 ‐ 0.919)
2004
0.692***
0.693***
0.708
(0.566 ‐ 0.847)
(0.551 ‐ 0.871)
(0.461 ‐ 1.088)
2005
0.620***
0.614***
0.669*
(0.507 ‐ 0.760)
(0.488 ‐ 0.773)
(0.435 ‐ 1.026)
2006
0.679***
0.722***
0.531***
(0.557 ‐ 0.829)
(0.577 ‐ 0.903)
(0.343 ‐ 0.823)
2007
0.463***
0.492***
0.366***
(0.376 ‐ 0.570)
(0.390 ‐ 0.621)
(0.229 ‐ 0.583)
2008
0.604***
0.635***
0.497***
(0.488 ‐ 0.747)
(0.501 ‐ 0.806)
(0.306 ‐ 0.807)
2009
0.498***
0.500***
0.517***
(0.399 ‐ 0.621)
(0.390 ‐ 0.642)
(0.317 ‐ 0.843)
2010
0.492***
0.477***
0.607*
(0.391 ‐ 0.619)
(0.368 ‐ 0.617)
(0.366 ‐ 1.009)
2011
0.520***
0.499***
0.639
(0.406 ‐ 0.665)
(0.378 ‐ 0.659)
(0.373 ‐ 1.095)
2012
0.495***
0.480***
0.564*
(0.375 ‐ 0.655)
(0.349 ‐ 0.659)
(0.307 ‐ 1.035)
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Table C.1: Adjusted Associations Between LLITN Campaign and Under 5 All‐Cause Child
Mortality (Full Table)
(1)
(2)
(3)
Combined
Rural
Urban
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
2013
0.514***
0.493***
0.628
(0.383 ‐ 0.690)
(0.354 ‐ 0.685)
(0.322 ‐ 1.225)
Province
Bas‐Congo
1.316***
1.373***
0.968
(1.115 ‐ 1.552)
(1.150 ‐ 1.638)
(0.604 ‐ 1.552)
Equateur
1.312***
1.313***
1.311
(1.154 ‐ 1.493)
(1.146 ‐ 1.504)
(0.871 ‐ 1.974)
Kasai‐Occidental
1.645***
1.588***
2.098***
(1.440 ‐ 1.880)
(1.377 ‐ 1.831)
(1.425 ‐ 3.090)
Kasai‐Oriental
1.347***
1.359***
1.233
(1.175 ‐ 1.544)
(1.171 ‐ 1.576)
(0.854 ‐ 1.780)
Katanga
1.392***
1.436***
1.135
(1.210 ‐ 1.600)
(1.236 ‐ 1.667)
(0.757 ‐ 1.702)
Kinshasa
1.349***
1.403*
1.264
(1.101 ‐ 1.652)
(0.946 ‐ 2.080)
(0.872 ‐ 1.834)
Maniema
1.380***
1.476***
1.027
(1.183 ‐ 1.609)
(1.248 ‐ 1.746)
(0.686 ‐ 1.537)
Nord‐Kivu
0.786**
0.838*
0.473**
(0.653 ‐ 0.946)
(0.689 ‐ 1.020)
(0.258 ‐ 0.866)
Orientale
1.395***
1.297***
1.696***
(1.214 ‐ 1.604)
(1.112 ‐ 1.512)
(1.170 ‐ 2.459)
Sud‐Kivu
1.489***
1.584***
0.929
(1.277 ‐ 1.735)
(1.347 ‐ 1.862)
(0.566 ‐ 1.523)
Constant
0.006***
0.006***
0.007***
(0.004 ‐ 0.007)
(0.004 ‐ 0.007)
(0.004 ‐ 0.012)
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Table C.1: Adjusted Associations Between LLITN Campaign and Under 5 All‐Cause Child
Mortality (Full Table)
(1)
(2)
(3)
Combined
Rural
Urban
VARIABLES
OR (95% CI)
OR (95% CI)
OR (95% CI)
Observations
2,142,379
1,638,345
504,034
Dependent variable is mortality of children under 5 years of age, coded as zero for every month of life
until month of death (if deceased)
Reference includes males, 0‐11 months, dirt floors, no education, 2000, Bandundu Province, and urban
area; *** p<0.01, ** p<0.05, * p<0.1
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Table C.2: Literature Review Tables
Study
Study design
Study
(year)
setting
Sub‐
Akachi
Panel data
Saharan
and Atun
regression
Africa; 34
(2011)
analysis; fixed
countries
effects model

Evaluation
period(s)
2002–08

Funding
source
Global Fund
(GF) (70%) of
Official
Development
Assistance
(ODA), others
(Development
Assistance
Committee
(DAC) Credit
Reporting
System (CRS)

Funded
activities
ITNs/long‐
lasting
insecticide
treated nets
(LLINs),

Limitations





Utilized
disbursement data
instead of
commitment data
Interpolated data
for child mortality
Country‐level
analysis

Key findings
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Each $1 million ODA for
malaria enabled
distribution of 50,478
ITNs in the
disbursement year
Global Fund
investments that
increased ITN/IRS
coverage in 2002–2008
prevented an
estimated 240,000
deaths
Countries with higher
malaria burden
received less ODA
disbursement per
person at risk
compared to lower‐
burden countries
Impact of ITN/IRS
coverage on under‐five
mortality was
significant among
major child health
interventions such as
immunization, showing
that 10% increase in
households with
ITN/IRS would reduce

Table C.2: Literature Review Tables
Study
Study design
Study
(year)
setting

Evaluation
period(s)

Funding
source

Funded
activities

Limitations

Key findings
1.5 child deaths per
1000 live births

Aregawi
et al.
(2011)

Cruz
(2011)

Time series
study; log
linear
regression
adjusting the
effect size for
time trends
during the pre‐
intervention
period

Zanzibar; 6
health
facilities

Qualitative and
case study
approach

Uganda

1999–2003
vs 2008

2003/04

GF, President’s
Malaria
Initiative
(PMI), Italian
Cooperation
through World
Health
Organization
(WHO), other
partners

ITN/LLINs,
IRS, and
artemisinin‐
based
combination
therapy
(ACT)



GF and United
States
President’s
Emergency
Plan for AIDS
Relief
(PEPFAR)

Not
intervention
specific
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After program scale‐up:
Point estimates
 Malaria deaths
based on five year
decreased by 90%,
baseline and 1‐year
malaria inpatient cases
post intervention
by 78% and confirmed
Health facility
malaria outpatient
based study
cases by 99.5% (all
limitations (data
P<0.025)
validity, data
 Among children under‐
representativeness)
5, the proportion of all‐
cause deaths due to
malaria fell from 46% in
to 12% (p<.01)
 Scaling up effective
malaria interventions
reduced health facility
malaria related burden
by over 75% within 5
years
Qualitative
 The Ugandan
approach
government had a
stated preference for
Country specific
donor funding to be
analysis
channeled through the
One‐year time
general or sectoral
period
budgets. Despite this
preference, two large

Table C.2: Literature Review Tables
Study
Study design
Study
(year)
setting

Chizema
(2010)
and
Steketee
(2008)

Case Study;
descriptive
analysis

Zambia

Evaluation
period(s)

2000–08

Funding
source

GF, United
States Agency
for
International
Development
(USAID)/PMI,
Bill & Melinda
Gates
Foundation
(BMGF), Japan
International
Cooperation
Agency and
others

Funded
activities

ACT,
ITNs/LLINs,
IRS,
intermittent
preventive
treatment
in
pregnancy
(IPTp) ,
Rapid
Diagnostic
Testing

Limitations



Descriptive analysis
following standard
monitoring and
evaluation
framework for Roll
Back Malaria (RBM)

Key findings



GHIs opted to allocate
resources and deliver
activities through
projects with a disease‐
specific approach. The
mixed motives of
contributor country
governments, recipient
country governments,
and GHI executives
produced incentive
regimes in conflict
between different aid
mechanisms.
Household ITN
ownership tripled from
2001 to 2006, with 44%
of households owning
at least one ITN in
2006. ITN use doubled
from 2004 to 2006,
achieving use levels of
23% in young children
and 24% in pregnant
women

After program scale up (2006–
08)
 Increasing ITN coverage
was associated in time
and location with
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Table C.2: Literature Review Tables
Study
Study design
Study
(year)
setting

Flaxman
(2010)

Compartmental Africa; 44
countries
model;
parameters of
model are
estimated
using Bayesian
inference

Evaluation
period(s)

1999–2008

Funding
source

All external
funding for
malaria;
project‐level
database on
grant and loan
information
from bilateral
agencies, the
European
Commission,
the Global
Fund to Fight
AIDS,
Tuberculosis
and Malaria,
the GAVI
Alliance, the
World Bank,
the Asian
Development
Bank, the
InterAmerican
Development
Bank, and the
Bill & Melinda

Funded
activities

ITNs/LLINs
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Limitations



Country level
analysis (national
level coverage
estimates) ; in
countries with less
than 100% of
population at risk
the denominator
will include both
populations at risk
and not at risk of
malaria

Key findings






reductions in
parasitaemia (53%) and
severe anemia (68%) in
children under 5
Under 5 mortality
Rapid increases in ITN
coverage have
occurred in some of the
poorest countries, but
coverage remains low
in large populations at
risk
Excluding four outlier
countries, each US$1
per capita in malaria
DAH was associated
with a significant
increase in ITN
household coverage
and ITN use in children
under‐5 coverage of 5.3
percentage points (3.7
to 6.9) and 4.6
percentage points (2.5
to 6.7), respectively.

Table C.2: Literature Review Tables
Study
Study design
Study
(year)
setting

Noor
(2007)

Longitudinal
cohort,

Kenya; 4
districts

Evaluation
period(s)

2004‐06

Funding
source
Gates
Foundation
was compiled
GF, UK
Department
for
International
Development
(DFID)

Funded
activities

ITNs/LLINs

Limitations



Descriptive;
stratified by wealth

Key findings





Giardina
(2014)

Bayesian
geostatistical
approach

Africa; 6
countries

2006‐12

None

None
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Timing of ITN scale‐
up not included
Changing vector
distribution
(malaria ecology)
not included



ITN coverage increased
from 7.1% in 2004 to
23.4% in 2005, and
then to 67.3% in 2006
following expansion of
heavily subsidized clinic
distribution system
Free mass distribution
method achieved
highest coverage
among the poorest
children (equitable
access)
An overall eﬀect of
insecticide‐treated bed
nets at country level
was signiﬁcant only in
Angola (–0∙64, 95%
credible interval –0∙98
to –0∙30) and Senegal
(–0∙34, –0∙64 to –0∙05);
however, in all
countries, we detected
signiﬁcant eﬀects of
bed nets and indoor
residual spraying at
local level.
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